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Abstract
Land-use change is the single most important global driver of changes in
biodiversity. Such changes in biodiversity, in turn, are expected to influence
the functioning of ecosystems and their resilience to environmental pertur-
bations and disturbances. It is widely recognised that the use of functional
traits and functional diversity is best for understanding the causes and func-
tional consequences of changes in biodiversity, but conceptual development
has outpaced empirical applications. This thesis explores these ideas in graz-
ing systems, which are expected to undergo rapid intensification of fertiliser
use and grazing pressure to meet the growing global demand for livestock
products.
First, a flexible framework for measuring different facets of functional
diversity is described, and a new multidimensional functional diversity in-
dex, called functional dispersion (FDis), is presented. Second, two vegeta-
tion sampling methods are compared with regard to their ability to detect
changes in vegetation composition. Third, shifts in plant trait distributions
following land-use changes are quantified and compared to null models, and
a maximum entropy approach is used to quantify the direction and strength
of selection on each trait. Fourth, it is shown that these shifts in trait distri-
butions have cascading effects on primary production, litter decomposition,
soil respiration, and ultimately soil carbon sequestration. Finally, data from
18 land-use intensity gradients are used to show that land-use intensifica-
tion reduces functional redundancy and response diversity, two components
of biodiversity that are thought to influence ecosystem resilience to future
disturbances.
This study illustrates (i) the importance of considering species functional
differences to understand how plant communities react to changes in soil
resource availability and grazing pressure, and (ii) how such changes directly,
indirectly, and interactively control ecosystem functioning, as well as (iii)
increasing the vulnerability of ecosystems to future disturbances.
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Chapter I
Introduction
1.1 Human Domination of the Biosphere
We live on a human-dominated planet where very few truly wild areas remain
(Vitousek et al., 1997; Sanderson et al., 2002). While 14% of the terrestrial
land surface is under some form of protection, a mere 1% is set aside as
wilderness areas (IUCN, 2007). Humans appropriate about a quarter of the
Earth’s terrestrial net primary productivity, and in large regions of the world
this is as high as 60–100% (Haberl et al., 2007). Some even suggest that since
the 1980s, human demand for resources has exceeded the Earth’s biological
capacity (Wackernagel et al., 2002). The considerable size of our “share of the
planetary pie” (Foley et al., 2007) is not surprising, considering that around
35% of the Earth’s usable lands are used for agricultural purposes (Asner
et al., 2004; Foley et al., 2005; Leff et al., 2004; Ramankutty et al., 2008).
Of all land uses on Earth, managed grazing (i.e., pastures and rangelands)
is the single most extensive use, accounting for a quarter of the ice-free land
surface (Asner et al., 2004).
An obvious implication of these global land-use patterns is that conser-
vation of biodiversity must be considered not only within protected areas,
but also within an agricultural context (Perrings et al., 2006). While conser-
vation priorities for future reserves must clearly be set (Myers et al., 2000),
it is unlikely that solely focusing on establishing more reserves will be suf-
ficient for conserving biodiversity (Folke et al., 1996; Folke, 2006), particu-
larly in agricultural landscapes (Bengtsson et al., 2003). However, ecologists
have historically worked largely outside of agricultural systems (Robertson,
2000), and so a paradigm shift towards studying the agricultural matrix it-
self is needed (Norton, 2000; Perrings et al., 2006; Vandermeer and Perfecto,
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2007). If it is acknowledged that a vast proportion of the Earth’s ecosystems
are managed primarily to sustain the 6–7 billion people that inhabit it, then
the key research goals must concern the inherent trade-offs among ecosystem
functions and services in these managed systems (Tilman et al., 2002; De-
Fries et al., 2004; Foley et al., 2005; Robertson and Swinton, 2005; Bennett
and Balvanera, 2007; Kareiva et al., 2007). Examples of such trade-offs in-
clude the interactions between intensifying production and the loss of native
biodiversity (e.g., Green et al., 2005; Hendrickx et al., 2007; Moller et al.,
2008; Dorrough and Scroggie, 2008), alterations of biogeochemical processes
(Matson et al., 1997; Tilman et al., 2001), or decreases in ecosystem resilience
to unexpected change (Foley et al., 2005; Fischer et al., 2006; Bennett and
Balvanera, 2007; Kareiva et al., 2007; Fischer et al., 2008b). However, prior
knowledge of the context-specific response of ecosystem properties in response
to land-use change is required to assess trade-offs (DeFries et al., 2004), and
this is currently an important research need (Carpenter et al., 2006).
As a step towards this goal, the work presented in this thesis focuses on
a long-term (27-year) experiment (Scott, 1999) representing a realistic gradi-
ent of land-use intensification in grazing systems (Bouwman et al., 2005) to
evaluate changes in plant biodiversity and associated feedbacks to ecosystem
functioning and resilience. Central to this thesis is the idea that approaches
based on functional traits (sensu Violle et al., 2007) may help us to better un-
derstand and predict changes in biodiversity in response to land-use change
(Cingolani et al., 2005; Gross et al., 2007; Dorrough and Scroggie, 2008;
Quétier et al., 2007b; McIntyre, 2008), as well as its potential feedbacks to
ecosystem functions and services (Lavorel and Garnier, 2002; Garnier et al.,
2004; Díaz et al., 2007a; Garnier et al., 2007; Quested et al., 2007; Luck et al.,
2009; Suding et al., 2008; Webb et al., 2010) and ecosystem resilience to fu-
ture environmental change (Walker et al., 1999; Hooper et al., 2002; Elmqvist
et al., 2003; Folke et al., 2004). This Chapter provides an overview of these
issues and presents the general approach taken in this thesis.
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1.2 Land-Use Change in Grazing Systems
1.2.1 The Ecological Footprint of Grazing Systems
Understanding the trade-offs associated with different management strate-
gies in grazing systems is essential because even though ranching and farming
in general has greatly contributed to human well-being, the current magni-
tude of the global agricultural enterprise does not come without significant
environmental costs (Matson et al., 1997; Tilman et al., 2001). The fact
that managed grazing typically occurs on marginal lands that are either too
infertile (tropical regions), too dry (arid and semiarid regions) or too cold
(mountain regions) for crop production leads to a particular set of syndromes
(Asner et al., 2004), namely desertification of drylands (Millennium Ecosys-
tem Assessment, 2005a), woody encroachment of semiarid grasslands (Archer
et al., 1995), and tropical deforestation (Nepstad et al., 1999; Laurance et al.,
2004). These ecosystem-level changes in turn lead to global environmental
impacts such as increases in greenhouse gas emissions (Kaiser, 1997; Hartley
and Schlesinger, 2000; Jackson et al., 2002) and alteration of global water
vapour flows (Gordon et al., 2005). In addition, livestock are also major pro-
ducers of greenhouse gases through excreta (Yamulki et al., 1998; Johnson
et al., 2000). Other environmental impacts are felt at more regional scales,
for example when overgrazing leads to soil erosion and degradation, which
in turn alters the quantity and quality of downstream water flow (Le Maitre
et al., 2007). Quantification of the trade-offs associated with different land-
use choices can better guide policy and management (DeFries et al., 2004;
Foley et al., 2005), yet our current understanding of ecosystem response to
land-use changes in grazing systems is diffuse and fragmentary because of
insufficient research (Asner et al., 2004).
1.2.2 Land-Use Intensification in Grazing Systems: An Unavoidable Real-
ity?
The forecasted doubling in global food demand by 2050 (Alexandratos, 1999;
Tilman et al., 2002), and increased demand for meat and other livestock
products in developing countries in particular (FAO, 2005), is likely to in-
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crease the pressure on grazing lands worldwide. Agricultural intensification
and expansion are the main drivers of global biodiversity loss (Sala et al.,
2000; Chapin et al., 2000; Pimm and Raven, 2000; Tilman et al., 2001; Foley
et al., 2005), and some have argued that this may in turn jeopardise the pro-
vision of vital ecosystem functions and services, possibly even threatening
human well-being (Millennium Ecosystem Assessment, 2005b; Díaz et al.,
2006). Perhaps the best-known example of this is how the loss of bird or
insect species in agricultural landscapes due to intensification negatively im-
pacts ecosystem services such as pollination, pest control, and seed dispersal
(Tscharntke et al., 2005; Kremen et al., 2002, 2007). If these concerns are
justified, then a future challenge is to find ways to increase food supply while
minimising agriculture-related biodiversity loss (Jackson et al., 2007a), or
even restoring biodiversity in already degraded agricultural systems (Dobson
et al., 1997).
Some have proposed that the best approach to minimise biodiversity loss
in agricultural landscapes is by intensifying production on the best soils so
as to spare land for conservation elsewhere (e.g., Waggoner, 1995), while
others propose more extensive “wildlife-friendly” farming (e.g., Krebs et al.,
1999; Vickery et al., 2004). There is still considerable debate over whether
intensification or extensification should generally be less detrimental to biodi-
versity (Balmford et al., 2005; Green et al., 2005; Mattison and Norris, 2005;
Vandermeer and Perfecto, 2005; Matson and Vitousek, 2006), or whether
intensification actually leads to land sparing in the first place (Vandermeer
and Perfecto, 2005; Ewers et al., 2009). However, beyond the fact that such
a dichotomy may be overly simplistic (Jackson et al., 2007b; Fischer et al.,
2008a), in the case of arid and semiarid grazing systems options may be
too limited to justify such a debate. Indeed, extensifying grazing beyond
their current extent in these regions would imply the unlikely scenario of
converting croplands to rangelands (Asner et al., 2004). In the humid trop-
ics, extensification of grazing means burning down more tropical forest for
pasture conversion (Asner et al., 2004), which has dramatic and potentially
irreversible impacts on biodiversity (Nepstad et al., 1999).
As a result, some degree of agricultural intensification in grazing systems
at the global scale appears unavoidable in the near future, either by necessity
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(in arid or semiarid regions) or perhaps as the lesser of two evils (in the trop-
ics). The last three decades have seen large increases in livestock production,
but these have been largely driven by the development of “landless” livestock
production systems, where animals are kept primarily inside, relying to a
large extent on food crops, roughage, and other feedstuffs (Naylor et al.,
2005; Bouwman et al., 2005). However, it is predicted that the increased de-
mand for livestock products in the next three decades will result in a ∼33%
increase in global grass consumption in pastoral systems (which rely almost
exclusively on grazing), and that this can only be achieved through greater
fertiliser inputs (Bouwman et al., 2005). Such intensification raises concerns
for biodiversity conservation, particularly in systems where grazing occurs in
multi-species, semi-natural grasslands. The present thesis focuses on the po-
tential functional consequences of changes in biodiversity in grazing systems
under land-use intensification; this is explored in more detail in the following
section.
1.3 Biodiversity and Ecosystem Functioning in Grazing Systems
1.3.1 Does Species Richness Matter to Ecosystem Functioning?
Ultimately, the functioning of an ecosystem is driven by the interaction of
its individual biotic components with the abiotic environment (Chapin et al.,
1997). Ecosystem functioning is a somewhat elusive term (Jax, 2005), and so
it is defined here as “ecosystem properties” sensu Hooper et al. (2005): “the
sizes of compartments (e.g., pools of materials such as carbon or organic mat-
ter) and the rates of processes (e.g., fluxes of materials and energy among
compartments)”. Positive relationships between biodiversity and ecosystem
functioning found in high-profile experimental studies (e.g., Naeem et al.,
1994; Naeem and Li, 1997; Tilman and Downing, 1994; Tilman, 1996; Hector
et al., 1999; Tilman et al., 2006) have often been presented as a general justi-
fication for the case of biodiversity conservation, yet their interpretation and
relevance to ecosystem management have been strongly criticised (Aarssen,
1997; Huston, 1997; Hodgson et al., 1998; Wardle et al., 1998; Huston et al.,
2000; Lawler et al., 2002; Srivastava and Vellend, 2005). For instance, it has
been argued that the random synthetic species assemblages used in these
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studies do not represent well the changes in biodiversity that actually occur
in the real world (Leps, 2004; Schläpfer et al., 2005; Srivastava and Vellend,
2005), and that the effects of diversity per se on ecosystem functioning in
natural or semi-natural communities are weak relative to abiotic drivers (Hus-
ton and McBride, 2002; Kahmen et al., 2005; Grace et al., 2007) or human
management (Schaffers, 2002). Moreover, most past biodiversity-ecosystem
function research has largely focused on total plant aboveground productivity
as a sole measure of ecosystem functioning (Hooper et al., 2005; Balvanera
et al., 2006), yet it is important to focus on other important functions or ser-
vices (Reiss et al., 2009), for example soil carbon sequestration (Jones and
Alison, 2004).
While these experimental studies have led to much development on po-
tential mechanistic linkages between biodiversity and ecosystem functioning
(Loreau, 2000; Fridley, 2001; Kinzig et al., 2002), further realism needs to
be integrated in future research for it to be of greater relevance for guid-
ing management (Díaz et al., 2003; Srivastava and Vellend, 2005; Hillebrand
and Matthiessen, 2009). In particular, there is a crucial need to explore
how long-term changes to biodiversity brought on by changes in land use
(e.g., land-use intensification in grazing systems) affect ecosystem function-
ing (Chapin et al., 2000; Mooney, 2002). Another critique of the relevance
of past biodiversity-ecosystem function studies to conservation is that it is
very unclear whether increased rates of ecosystem processes (e.g., primary
productivity) are actually desirable in natural systems (Lawler et al., 2002;
Srivastava and Vellend, 2005). On the other hand, high levels of functioning
are clearly sought-after in managed agricultural systems (Vandermeer et al.,
2002; Hooper et al., 2005), and it is no coincidence that the biodiversity-
ecosystem function relationship forms the conceptual basis of agroforestry
and intercropping systems (Trenbath, 1974; Vandermeer, 1989; Swift and
Anderson, 1993).
Some attempts have been made to extrapolate results from experimen-
tal biodiversity-ecosystem function grassland studies to agriculture (Tilman
et al., 1999; Minns et al., 2001), yet because the only form of management
used in these studies has been fire (Tilman, 1996; Tilman et al., 2006) or
mowing (Hector et al., 1999; Spehn et al., 2005) but not grazing, extrap-
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olating their results to grazing systems should be done with great caution
(Sanderson et al., 2004). Indeed, grazing herbivores directly influence plant
composition and diversity (Milchunas and Lauenroth, 1993; Olff and Ritchie,
1998; Landsberg et al., 1999; Rook and Tallowin, 2003), and can also alter
ecosystem properties either directly (e.g., increased nutrient cycling by free-
ranging grazers in African savannas McNaughton et al., 1997) or indirectly
through grazing-induced vegetation shifts (Pastor et al., 1988; Bardgett and
Wardle, 2003; Bagchi and Ritchie, 2010). In addition, because most diversity-
function studies have been relatively short-term experiments conducted in
immature plant communities (Thompson et al., 2005), longer-term perspec-
tives on the relationship between biodiversity and ecosystem functioning are
needed (Symstad et al., 2003; Hooper et al., 2005); this is particularly relevant
for grazing management, in which decisions typically involve large spatial and
temporal scales.
Studies conducted in more intensive pasture systems (i.e., where plant
biodiversity is “planned” by the farmer and where inputs are frequently used)
reveal that plant diversity can increase forage productivity (Daly et al., 1996;
Clark, 2001; Sanderson et al., 2005). Since the most widespread management
approach is to sow only two species (i.e., a particular grass-legume mix) it has
been recommended to use more species-rich mixtures for pasture establish-
ment to increase the likelihood of matching appropriate species to particular
site and climatic conditions (Sanderson et al., 2004). Still, increasing pasture
or forage diversity has been found to have generally little effect on animal
production or carrying capacity (Scott, 2001; Sanderson, 2005), although this
little-studied relationship merits more attention (Sanderson et al., 2004).
In semi-natural grasslands and rangelands where plant biodiversity is not
“plan‌ned”, and where the primary form of management concerns the tim-
ing, intensity, and duration of grazing, the relationship between plant bio-
diversity and ecosystem functioning has been much less studied despite the
global importance of this land-use type, which occupies vast areas of central
Asia, sub-Saharan and southern Africa, south-eastern South America, south-
western United States, Australia, and New Zealand (Asner et al., 2004; Foley
et al., 2005). In such systems, the large spatial scales involved, as well as
the high spatial heterogeneity of plant composition, environmental condi-
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tions and grazing patterns can present obvious methodological challenges
for assessing the links between grazing intensity, biodiversity, and ecosystem
functioning.
1.3.2 The Response-Effect Functional Trait Framework
A promising approach to explore changes in biodiversity in response to land-
use change, and their functional consequences, is to use a plant functional
trait approach (Lavorel et al., 1997; Shugart, 1997; Lavorel and Garnier,
2002; Hooper et al., 2005; Díaz et al., 2007a). A trait-based approach allows
regional or global comparisons of the effects of management on vegetation,
despite taxonomic differences in plant composition. Such an approach has
recently been used to explore global responses of vegetation in response to
grazing (Díaz et al., 2007c). Moreover, empirical evidence suggests that
of all components of biodiversity, it is functional diversity (i.e., the iden-
tity, abundance, and range of species traits; Tilman, 2001) that exerts the
strongest control over ecosystem processes (Hooper and Vitousek, 1997; Díaz
and Cabido, 2001; Naeem and Wright, 2003; Hooper et al., 2005) and associ-
ated ecosystem services (Díaz et al., 2006; Quétier et al., 2007a; Díaz et al.,
2007a). Indeed, complementary resource use, one of the main proposed mech-
anisms underlying positive effects of biodiversity on ecosystem functioning
(Loreau et al., 2001; Hooper et al., 2005), is best represented by quantifying
how individuals (or species) within a community differ functionally from each
other (Díaz and Cabido, 2001).
Scaling-up from plants to ecosystems (e.g., ecosystem-level functioning)
requires knowledge on species composition and their relative abundance, as
well as the functional attributes of these species (Violle et al., 2007; Suding
et al., 2008). The “biomass ratio hypothesis” (Grime, 1998), which states
that plant traits of dominant species weighted by their relative abundance
determine ecosystem-level properties such as litter decomposition rates and
net primary productivity (Lavorel and Garnier, 2002), has been supported in
empirical studies conducted in European grasslands (Garnier and Laurent,
1994; Quested et al., 2007; Garnier et al., 2007; Quétier et al., 2007a; Vile
et al., 2006; Fortunel et al., 2009). These studies illustrate the usefulness of
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the functional approach for predicting ecosystem-level responses to different
management strategies in rangelands. This approach has been formalised
into the “response-effect” functional trait framework (Lavorel and Garnier,
2002; Hooper et al., 2002; Naeem and Wright, 2003; Suding et al., 2008),
which stipulates that functional traits can help us to understand species’
responses to environmental changes, and, in turn, how changes in commu-
nity composition translate into changes in ecosystem functioning. Moreover,
the response-effect framework can be extended to also consider measures of
functional diversity, in order to assess potential complementarity effects (Díaz
et al., 2007a).
Lack of plant trait data is a major hindrance to predicting ecosystem-level
changes in land use, and so more standardised empirical studies (e.g., Garnier
et al., 2007) are required. Such studies have promising applications given that
knowledge of patterns of plant traits and ecosystem properties in response to
different management strategies (i.e., grazing regime, fertilisation) is a crit-
ical first step to the development of state-and-transition conceptual models
for the management of grazing systems (McIntyre and Lavorel, 2007), where
the goal is to describe vegetation dynamics by a series of discrete “vegeta-
tion states” and the transitions between them (Westoby et al., 1989). In
this thesis, the response-effect functional trait framework is used to evalu-
ate biodiversity responses to land-use changes and associated feedbacks to
ecosystem functioning.
1.4 Biodiversity and Ecosystem Resilience
In addition to the potential effects of biodiversity on ecosystem function-
ing, it has been suggested that biodiversity may provide “insurance” against
unexpected environmental fluctuations (Yachi and Loreau, 1999). There is
increasing awareness that many ecosystems exhibit sudden shifts between
alternative stable states once critical environmental thresholds are passed
(Scheffer et al., 2001), and rangelands were among the earliest examples
of such non-linear dynamics (May, 1977). A generic example of such al-
ternative stable states in rangelands are the desirable (from a production
perspective) grassy vs undesirable woody states; each of these states can be
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self-sustaining on a multi-decadal scale and the transitions between these can
be rapid (Walker, 2002). This general non-equilibrium behaviour of range-
lands (Gillson and Hoffman, 2007) has led to the development of non-linear
models for rangeland management (Westoby et al., 1989; Cingolani et al.,
2005).
Recognition of this non-equilibrium behaviour is important because al-
though the concept of sustainable management is based on the constant,
perpetual flow of ecosystem goods (e.g., food, timber, etc) from production
systems, such an equilibrium-centred view may in fact lead to the exact op-
posite result. Indeed, managing production systems exclusively for sustained
yield can lead to their eventual collapse (Holling, 1973). This “command-and-
control” approach to natural resource management simplifies the system to
a minimum, thereby reducing its resilience to unexpected changes (Holling
and Meffe, 1996). Hence an alternative approach for the management of
production systems lies in maintaining their resilience rather than control-
ling external factors to achieve short-term production stability (Gunderson
and Pritchard, 2002; Folke et al., 2004). A management approach based on
maintaining or enhancing ecological resilience acknowledges that ecosystem
management is fraught with uncertainty and incomplete understanding, and
consequently seeks to decrease the likelihood of ecological surprises that can
arise from management errors or unexpected environmental change. Such a
preventive approach appears particularly relevant considering the increased
frequency of extreme-weather events (e.g., severe droughts) brought on by
global climate change (Rosenzweig et al., 2007).
The concept of ecological resilience, which was first suggested by Holling
(1973), is defined as the magnitude of disturbance a particular system can
absorb before shifting to another state (Ludwig et al., 1997; Peterson et al.,
1998; Gunderson, 2000). Such state shifts (e.g., grassland to shrubland) are
characterised by changes in the function, structure, identity and feedbacks
of a system, and are also often difficult to reverse or even irreversible (Folke
et al., 2004; Walker et al., 2004). On more productive grazing lands (e.g., de-
veloped pastures), such sudden and unexpected state shifts may be reversed
by the farmer through active management, because the higher productive
potential of these lands will ensure that the economic returns obtained will
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outweigh the costs of inputs (e.g., fertilisation, seeding). However, on less
favourable lands where the only viable management strategy involves mov-
ing stock according to spatial and temporal resource fluctuations (McAllister
et al., 2006), reversing such catastrophic shifts through management may not
be economically feasible. Therefore, a preventive approach that maintains
or enhances the resilience of desirable states in grazing systems is required.
This preventive approach is useful to management insofar as it is defined a
priori what the desirable states are, and what potential disturbances or envi-
ronmental fluctuations are to be expected within a given system (Carpenter
et al., 2001). For example, in most semi-arid rangelands, the desirable state
(from a production perspective) is one dominated by palatable grasses, and
disturbances can include (but are not restricted to) grazing, drought, and
fire. Resilience in rangelands can be partly conferred through soil physical
properties associated with water infiltration and storage (Tongway and Lud-
wig, 1997; Walker, 2002), but is also expected to depend on plant functional
attributes (Landsberg, 1999; Walker et al., 1999).
With regard to the potential role of plant functional attributes in con-
ferring ecosystem resilience, it is important to distinguish between response
and effect traits (Lavorel et al., 1997; Landsberg, 1999), because plant traits
that influence ecosystem properties may not necessarily be correlated with
traits that influence how species respond to disturbance (Lavorel and Gar-
nier, 2002). A hierarchical functional classification in which response groups
are nested within particular effect groups (Hooper et al., 2002) may be use-
ful to assess ecosystem resilience, and this approach is tightly linked to the
earlier concept of ecological redundancy in ecosystems (Walker, 1992, 1995;
Naeem, 1998). In that view, resilience critically depends on the functional re-
sponse diversity within functional effect groups (Elmqvist et al., 2003; Folke
et al., 2004). Within a community, a few dominant species may contribute
to the bulk of ecosystem properties (i.e., ecosystem functioning) at a given
time, yet less abundant species, which are functionally similar to dominant
species but differ in their response to stress and disturbance, may provide
“latent functionality” and thus maintain resilience of function through time
(Yachi and Loreau, 1999; Walker et al., 1999; Hobbs et al., 2007).
Exploring how changes in management affect ecological resilience is pro-
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mising, since it allows a type of “risk assessment” associated with different
management scenarios. Given that agricultural intensification is likely to oc-
cur in grazing systems throughout the world because of the growing demand
for meat products (Myers and Kent, 2003; Bouwman et al., 2005), one of
the major challenges that humanity faces in the coming decades is how to
increase productivity while ensuring that production systems stay resilient to
unexpected change (Foley et al., 2005; Carpenter and Folke, 2006; Carpenter
et al., 2006; Bennett and Balvanera, 2007). In this thesis, the hierarchical
effect-response framework (Hooper et al., 2002) is used to assess potential
effects of land-use intensification on functional redundancy and response di-
versity, and thus ecosystem resilience to future disturbances.
1.5 Thesis Outline
A necessary pre-requisite for measuring changes in functional diversity at the
community level is the development of appropriate metrics and tools. As a
step towards this goal, Chapter 2 reviews and extends current approaches
for measuring functional diversity from multiple traits, and provides compu-
tational tools to implement the proposed extensions. In particular, a new
functional diversity metric is presented, called functional dispersion (FDis),
which is the multivariate analogue of the weighted mean absolute deviation.
This metric is used in Chapter 4 to test for trait over- and under-dispersion,
in Chapter 5 to test for functional diversity effects on ecosystem functioning,
and in Chapter 4 as a measure of response diversity.
Measuring changes in plant biodiversity requires effective vegetation sam-
pling techniques. In order to ascertain the efficacy of the technique used in
this thesis, Chapter 3 compares two vegetation sampling methods in their
ability to detect changes in vegetation composition following long-term ex-
perimental manipulations of soil resource availability and grazing intensity.
The first method is a rapid visual ranking method, whereas the second one
is more intensive percent cover method that uses several sub-quadrats.
Chapter 4 analyses plant responses to long-term manipulations of soil re-
source availability and grazing intensity, using a trait-based approach. Shifts
in trait distributions are explored and compared to null models, and a max-
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imum entropy approach is used to quantify the direction and strength of
selection on each trait.
Chapter 5 is an application of the response-effect functional trait frame-
work to understand how changes in plant functional traits following land-use
changes in turn influence ecosystem functioning. By combining the strengths
of long-term experimental controls with statistical controls (using structural
equation modelling), it is shown that long-term manipulations of soil resource
availability and grazing intensity cause shifts in plant functional composition
and diversity, with cascading effects on primary production, litter decompo-
sition, soil respiration, and soil carbon sequestration.
Chapter 6 uses data from 18 land-use intensity gradients from across the
globe to show that land-use intensification generally reduces plant functional
redundancy and response diversity, thus potentially reducing ecosystem re-
silience to future disturbances.
Finally, Chapter 7 summarises the findings from all chapters and high-
lights some directions for future research.
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Chapter II
A Distance-Based Framework for Measuring
Functional Diversity from Multiple Traits1
2.1 Summary
A new framework for measuring functional diversity from multiple traits has
recently been proposed. This framework was mostly limited to quantita-
tive traits without missing values and to situations in which there are more
species than traits, although the authors had suggested a way to extend
their framework to other trait types. The main purpose of this Chapter is to
further develop this suggestion. A highly flexible distance-based framework
to measure different facets of functional diversity in multidimensional trait
space from any distance or dissimilarity measure, any number of traits, and
from different trait types (i.e., quantitative, semi-quantitative and qualita-
tive) is described. This new approach allows for missing trait values and the
weighting of individual traits. A new multidimensional functional diversity
index, called functional dispersion (FDis), is also presented; this index is
closely related to Rao’s quadratic entropy. FDis is the multivariate analogue
of the weighted mean absolute deviation, in which the weights are species
relative abundances. For unweighted presence-absence data, FDis can be
used for a formal statistical test of differences in functional diversity. The
FD R-language package is provided to easily implement this distance-based
functional diversity framework.
1 This Chapter has been published as:
Laliberté, E. and Legendre, P. (2010). A distance-based framework for measuring
functional diversity from multiple traits. Ecology 91:299–305.
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2.2 Introduction
Functional diversity is thought to be a key driver of ecosystem processes
(Hooper et al., 2005), ecosystem resilience to environmental change (Folke
et al., 2004), and ecosystem services (Díaz et al., 2007a). This has led to
the development of several indices for measuring functional diversity (e.g.,
Petchey and Gaston, 2002; Botta-Dukát, 2005). Recently, Villéger et al.
(2008) have proposed three multidimensional functional diversity indices for
continuous functional traits, each exploring a different aspect of functional
diversity: functional richness (FRic), functional evenness (FEve), and func-
tional divergence (FDiv). Exploring different facets of functional diversity in
multidimensional trait space, as they proposed, offers a meaningful frame-
work for measuring functional diversity. That being said, their framework
was mostly limited to quantitative traits without missing values and to situ-
ations where there are more species than traits, although they had suggested
a way to extend their framework to other trait types. The main purpose of
this Chapter is to further develop this suggestion, highlighting its strengths
and pitfalls.
First, it is shown how the original framework of Villéger et al. (2008)
can be generalised to a highly flexible distance-based framework to measure
functional diversity from any distance or dissimilarity measure, any number
of traits (including more traits than species), and from different types of traits
(i.e., quantitative, semi-quantitative, and/or qualitative), while tolerating
missing trait values and allowing the weighting of individual traits. This is a
significant improvement over their original framework, which could only deal
with quantitative traits, did not allow the use of only one trait or of more
traits than species, did not tolerate missing trait values, and did not directly
allow the weighting of individual traits.
A new and intuitive multidimensional functional diversity index is also
proposed, called functional dispersion (FDis), that presents several desirable
properties. FDis is the average distance in multidimensional trait space of
individual species to the centroid of all species; it can account for species
abundances by shifting the position of the centroid towards the more abun-
dant species and weighting distances of individual species by their relative
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abundances. FDis is the multivariate analogue of the weighted mean abso-
lute deviation; this makes the new index unaffected by species richness by
construction.
In order for this distance-based functional diversity framework to be easily
implemented, the FD R-language package (cran.r-project.org/package=FD)
was developed. It can compute the FRic, FEve and FDiv indices of Villéger
et al. (2008) and the new FDis index under this framework, as well as three
other functional diversity indices: the community-level weighted means of
trait values (Lavorel et al., 2008), Rao’s quadratic entropy (Rao, 1982; Botta-
Dukát, 2005), and functional group richness based on a posteriori functional
classifications (Petchey and Gaston, 2006). The flexibility of this distance-
based functional diversity framework and its easy implementation in the FD
package should greatly facilitate the measurement of functional diversity for
a wide range of ecological applications.
2.3 A Flexible Distance-Based Framework
Villéger et al. (2008) suggested that ordination should be used when there
are more traits than species (a situation that cannot be handled by their
FRic and FDiv indices), or when qualitative traits are present. In particular,
they proposed to use the principal coordinate analysis axes from a Gower
dissimilarity matrix (Gower, 1971) among the species as the new traits to
compute their functional diversity indices when there are qualitative traits
in the original (species × trait) matrix. This is also useful when some traits
are semi-quantitative, when missing trait values are present, and when indi-
vidual traits need to be weighted differently, because the Gower dissimilarity
index can handle all of these situations (Gower, 1971; Legendre and Leg-
endre, 1998; Podani, 1999). That being said, Villéger et al. (2008) did
not provide any details on how this approach should be implemented, but
this is needed in order to better highlight its strengths and pitfalls. This
is especially relevant given that the situations listed above (i.e., presence of
qualitative and semi-quantitative traits, and/or missing values) are likely to
be common in functional trait data sets. For example, about one-third of all
plant functional traits from the standard list of Cornelissen et al. (2003) are
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qualitative or semi-quantitative.
The original functional diversity framework of Villéger et al. (2008) can
actually be generalised to a flexible distance-based functional diversity frame-
work in which:
1. any appropriate distance measure of choice is computed from the (species
× trait) matrix,
2. this distance matrix is analysed through principal coordinate analysis,
3. the resulting principal coordinates are used as the new traits to compute
the functional diversity indices.
In that view, the original approach of Villéger et al. (2008) simply rep-
resents the particular case where all traits are quantitative and where the
Euclidean distance is used. The distance-based framework presented here is
in line with what they proposed: to use the (standardised) traits directly
to compute functional diversity if all traits are quantitative, or to use the
principal coordinates of a Gower dissimilarity matrix if some traits are qual-
itative (in the Gower dissimilarity, quantitative traits are ranged in the [0, 1]
interval instead of being standardised). However, any distance measure can
actually be used, not only the Euclidean distance or the Gower dissimilarity.
Although one of these two measures (Euclidean and Gower) will be appro-
priate in many situations, other measures may be preferred for particular
applications. For example, other dissimilarity measures can accommodate
different types of variables and missing values (Estabrook and Rogers, 1966;
Pavoine et al., 2009).
Such a distance-based framework is not new for the analysis of ecological
data. For example, the use of principal coordinates as variables has already
been presented in the context of multivariate analysis of variance (Legen-
dre and Anderson, 1999) and general discriminant analysis (Anderson and
Robinson, 2003). This previous work has pointed out an important issue
that needs to be considered when using that approach, but which Villéger
et al. (2008) have not mentioned: what should we do if principal coordinate
analysis returns negative eigenvalues? Indeed, some distance matrices will
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not allow the distance relationships among the objects to be fully represented
in a Euclidean space (Gower, 1982). This problem can result from the use of
a semimetric or nonmetric distance measure or from the presence of missing
values (Legendre and Legendre, 1998); it can even arise with most of the
metric distance measures (Gower, 1982). In all these cases, principal coordi-
nate analysis can return negative eigenvalues. The corresponding principal
coordinates are not real, and therefore cannot be used as traits to compute
functional diversity. However, if one simply ignores these imaginary axes
and uses only the ones with positive eigenvalues, not all the variation of the
original trait data is represented, leading to biased estimates of functional
diversity.
Three correction methods are available (Legendre and Legendre, 1998).
The first two consist in adding the smallest possible constant to either the
distances (Cailliez, 1983) or the squared distances (Gower and Legendre,
1986; Lingoes, 1971) so that all negative eigenvalues are eliminated. The
third one, which does not work for all coefficients, consists of taking the
square root of the distances (Legendre and Legendre, 1998, Table 7.2). More
details on these corrections methods can be found in Legendre and Anderson
(1999).
Another potential pitfall regarding the use of principal coordinates as
traits concerns the standardisation of traits. Villéger et al. (2008) suggested
standardising traits in order to make them dimensionally homogeneous and to
put equal weight to each trait in the estimation of functional diversity. This
is a sensible suggestion, given that we rarely know a priori if some traits are
more important than others. As such, the R code that they provided to com-
pute their functional diversity indices (www.ecolag.univ-montp2.fr/software)
automatically standardises each trait, without allowing the user to choose
otherwise. However, it is crucial that the principal coordinates are not stan-
dardised prior to the estimation of functional diversity. In a distance-based
approach, if traits are to be standardised, this needs to be done prior to
computing the (species × species) distance matrix. Principal coordinates are
scaled to lengths equal to the square roots of their eigenvalues, or in other
words to variances equal to the principal coordinate analysis eigenvalues di-
vided by (n − 1): the first axis always represents the largest proportion of
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variation, while the additional axes represent progressively smaller amounts
of variation. Therefore, standardising the principal coordinates prior to the
estimation of functional diversity would give equal weight to each principal
coordinate, which in turn would distort trait space, leading to incorrect es-
timates of functional diversity. It would be unfair to blame Villéger et al.
(2008) for this potential pitfall, as they never mentioned whether principal
coordinates should be standardised or not when they are to be used as traits.
However, their silence on the issue, coupled with the fact that their code au-
tomatically standardises traits before computing their functional diversity
indices, could have led users to miscalculate functional diversity. The new
FD package avoids this potential pitfall.
2.4 Weighting the Traits
Villéger et al. (2008) have suggested standardising all traits to mean 0 and
unit variance to give the same weight to each trait in functional diversity es-
timation. As mentioned previously, this is justified by the fact that we rarely
know a priori which traits are the most important. Nonetheless, weight-
ing of individual traits can a useful tool for functional diversity estimation
and has been identified as an important area for future functional diver-
sity research (Petchey and Gaston, 2006). The Gower dissimilarity index
can be programmed to provide different weightings to descriptors of mixed
types, as suggested by Legendre and Legendre (1998). The FD package in-
cludes the gowdis function to compute the Gower dissimilarity coefficient,
with options to assign different weights to individual descriptors and to treat
semi-quantitative variables as described by Podani (1999). This coefficient
is the default used in the dbFD function of the FD package to measure func-
tional diversity under this distance-based framework when some traits are
semi-quantitative and/or qualitative, or when weights are specified.
There is at least one obvious case where different weightings would be
required for adequately estimating functional diversity. When, for a given
qualitative trait (e.g., for flowering plants, pollinator type), an individual
species can have more than one attribute (e.g., bees, flies, moths), this trait
is typically reclassified into as many binary (0–1) variables as there are in-
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dividual attributes for that trait (e.g., bee-pollinated, fly-pollinated, moth-
pollinated). However, doing so artificially increases the weight given to that
trait relative to other traits. A sensible solution is to give a weight wi = xi/bi
to each binary variable required to reclassify the trait, where xi is the original
weight given to trait i, and bi is the number of binary variables required to
re-code trait i.
2.5 Functional Dispersion
One very intuitive measure of functional diversity for a community of s
species on which t quantitative traits were measured is the dispersion (i.e.,
spread) of the s species in the t-dimensional space. In univariate statistics,
dispersion can be estimated by measures such as the mean absolute devia-
tion, the sum of squared deviations from the mean (SS), the variance, the
standard deviation, or the range, among others. Villéger et al. (2008) pro-
posed a valuable framework to explore distinct facets of functional diversity,
but only their FRic index can estimate the dispersion of species in trait space.
It does so through the volume of the minimum convex hull that includes all
species, which itself is a multivariate analogue of the range. Although FRic
is clearly useful, it is well known that the range is not a reliable estimator of
dispersion because it is highly sensitive to outliers. In addition, FRic does
not integrate information on relative abundances. Consequently, rare species
with extreme trait values will greatly inflate FRic. This may or may not be
a desirable property, depending on the application. On the other hand, the
FEve and FDiv indices of Villéger et al. (2008) are interesting and can take
into account the relative abundances of the species, but they do not estimate
the dispersion of species in trait space. Indeed, they focus on the distribution
of species within the convex hull independently of its actual volume (see Fig.
2.1). Hence the development of a reliable estimate of functional dispersion
that could also consider species relative abundances would be useful.
Multivariate dispersion (Anderson et al., 2006) can be used as a mul-
tidimensional index of functional dispersion (FDis). In that view, FDis is
the average distance of individual species to the centroid of all species in
the community (Fig. 2.2a). Details on how to compute multivariate disper-
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Figure 2.1: Two artificial communities C1 (grey circles, grey polygon) and
C2 (black circles, black polygon) each composed of 20 species. Although the
species in C1 are obviously less dispersed in two-dimensional functional trait
space than the species in C2, both communities obtain a FDiv value of 0.808
and a FEve value of 0.935. In contrast the FDis values of C1 and C2 are
0.697 and 1.395, respectively.
sions in principal coordinate analysis space from any distance or dissimilarity
measure and how to correct for negative eigenvalues are given by Anderson
(2006). FDis can account for relative abundances by computing the weighted
centroid of the X = [xij] (species × trait) matrix in the following way
c = [cij] =
n∑
j=1
ajxij
n∑
j=1
aj
where c is the weighted centroid in the i-dimensional space, aj the abundance
of species j, and xij the attribute of species j for trait i (Fig. 2.2b). This
implies that xij is a quantitative trait, but Section 2.3 on page 16 describes
how other trait types (i.e., semi-quantitative, qualitative) can be handled
as well through principal coordinate analysis. FDis, the weighted average
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distance to the weighted centroid c, is then computed as
FDis =
n∑
j=1
ajzj
n∑
j=1
aj
where aj is the abundance of species j and zj is the distance of species j
to the weighted centroid c. These two modifications over Anderson’s (2006)
procedure essentially shift the position of the centroid towards the more
abundant species and weigh distances of individual species to this weighted
centroid by their relative abundances (Fig. 2.2b). When all species have
equal abundances (i.e., presence-absence data, Fig. 2.2a), FDis is simply
the unweighted average distance to the centroid as originally described by
Anderson (2006). FDis has no upper limit and requires at least two species
to be computed. For communities composed of only one species, FDis should
be zero.
Simulations were run to compare FDis to the functional diversity indices
of Villéger et al. (2008) and to Rao’s quadratic entropy Q (Rao, 1982; Botta-
Dukát, 2005; Ricotta, 2005), a popular multidimensional functional diversity
index that is conceptually similar to FDis and can also account for species rel-
ative abundances. To do so, 20,000 artificial communities of 5 to 100 species
drawn from a common pool of 500 species were created via the simul.dbFD
function of the FD package. Values for three functional traits were generated
following a normal distribution. Relative abundances were generated from
a lognormal distribution. FDis was moderately positively related to FRic
(r = 0.425, Fig. 2.3a) and FDiv (r = 0.457, Fig. 2.3b), and weakly with
FEve (r = 0.214, Fig. 2.3c). On the other hand, FDis showed a strong posi-
tive linear relationship with Rao’s Q (r = 0.966, Fig. 2.3d). Both FDis and
Rao’s Q were little influenced by species richness (FDis, r = 0.274, Fig. 2.3e;
Rao’s Q, r = 0.264, Fig. 2.3f). For completeness, simulations were repeated
with presence-absence data (Fig. 2.4). Results were very similar, with the
exception that FDiv and FEve were less associated with FDis (r = 0.110 and
r = 0.131, respectively).
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Trait 1
xj
zj
a
Trait 1
xj
zj c
b
aj
Tra
it 2
Tra
it 2
Figure 2.2: Example showing how functional dispersion (FDis) is computed.
The n individual species in a two-dimensional trait space are represented
by black circles whose sizes are proportional to their abundances. Vector
xj represents the position of species j, vector c is the centroid of the n
species (white square), zj is the distance of species j to centroid c, and aj is
the abundance of species j. In (a), all species have equal abundances (i.e.,
presence-absence data). In that case, c = [ci], where ci is the mean value
of trait i, and FDis is the mean of distances z of individual species to c.
In (b), species have different abundances. In that case, the position of c is
weighted by the species relative abundances, such that it shifts towards the
more abundant species. Individual distances z of species to c are weighted
by their relative abundances to compute FDis.
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Figure 2.3: Simulation results (20,000 communities, abundance data). (a)
Relationship between FRic and FDis, (b) FDiv and FDis, (c) FEve and FDis,
(d) Rao’s Q and FDis, (e) species richness and FDis, and (f) species richness
and Rao’s Q.
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Figure 2.4: Simulation results (20,000 communities; presence-absence data).
(a) the relationship between FRic and FDis, (b) FDiv and FDis, (c) FEve
and FDis, (d) Rao’s Q and FDis, (e) species richness and FDis, and (f)
species richness and Rao’s Q.
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The strong positive correlation between FDis and Rao’s Q was expected
given that both indices aim at estimating the dispersion of species in trait
space, weighted by their relative abundances. However, they do so differ-
ently. When abundances are frequencies (i.e., counts of individuals), Rao’s
Q expresses the mean distance between two randomly selected individuals
(Botta-Dukát, 2005); Rao’s Q is the multivariate analogue of the weighted
variance. On the other hand, FDis is the weighted average distance of in-
dividual species to their weighted centroid, where weights are their relative
abundances (Fig. 2.2); this is the multivariate analogue of the weighted mean
absolute deviation. Although both indices are clearly associated, one poten-
tial advantage of FDis over Rao’s Q is that in the unweighted case (i.e., with
presence-absence data), it opens possibilities for formal statistical tests for
differences in functional diversity between two or more communities through
a distance-based test for homogeneity of multivariate dispersions (Ander-
son, 2006), which itself is a multivariate extension of Levene’s (1960) test
on absolute deviations. Moreover, because the mean absolute deviation is
less sensitive to outliers than the variance, FDis should be less sensitive to
species with extreme values than Rao’s Q.
FDis is by construction unaffected by species richness, can be computed
from any distance or dissimilarity measure (Anderson et al., 2006), can han-
dle any number and type of traits (including more traits than species), is
not strongly influenced by outliers, and can take into account species rel-
ative abundances. FDis also satisfies all criteria but the first one (i.e., to
be constrained between 0 and 1 for convenience) of Mason et al. (2003) if
traits are standardised prior to its computation. FDis does not satisfy the set
monotonicity criterion (i.e., a subset of a community should be no more di-
verse than the whole community) of Ricotta (2005) because removing species
that are close to the centroid effectively increases the average dispersion of
species in trait space. This represents an interesting ecological signal, not a
methodological artefact. In simulations (Fig. 2.3), satisfied the set concavity
criterion of Ricotta (2005), since the total γ-diversity of the pooled set of
communities was greater (FDisγ = 1.584) than the average α-diversity of all
communities (FDisα = 1.519). Further investigation is required to confirm
whether this property can be generalised.
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2.6 Bridging the Gap Between Theory and Practice
For a functional diversity framework to be most useful, it has to be eas-
ily implemented by ecologists, if possible with freely available software. As
such, the efforts made by Villéger et al. (2008) to provide the code to com-
pute their functional diversity indices in the freely available R environment
(R Development Core Team, 2010) is laudable. Likewise, the FD R pack-
age is provided to easily implement the distance-based functional diversity
framework presented here. The FD package includes numerous elements of
flexibility (Table 2.1). First, whereas the F_RED function of Villéger et al.
(2008) only allowed quantitative traits to be used, the dbFD function of the
FD package allows for a wide range of input options, including the use of a
(species × species) distance matrix. Second, F_RED did not allow the use
of more traits than species for any of the three functional diversity indices
it returned. For FRic and FDiv, this was supported by the fact that no
convex hull can be computed when there are more dimensions (i.e., traits)
than points (i.e., species), but this was unnecessary for FEve, which does
not have that limitation. The dbFD function can deal with any number of
traits. Indeed, more traits than species can always be used for FDis and
FEve. For FRic and FDiv, when the goal is to compare several communities,
this problem is solved by selecting a subset of principal coordinates such that
t = smin− 1, where smin is the number of species in the community with the
fewest species and t the number of principal coordinates to be used as traits.
However, doing so entails dimensionality reduction, which implies some loss
of information. Such information loss can be quantified via the R2-like ratio
in principal coordinate analysis (Legendre and Legendre, 1998). Third, in
dbFD, FRic is generally measured as the convex hull volume, but when there
is only one quantitative trait it is measured as the range. For a single semi-
quantitative trait, FRic is the range of the ranks. Conversely, when only
qualitative and semi-quantitative traits are present, FRic is measured as the
number of unique trait value combinations in a community.
Other multidimensional functional diversity indices were added in the FD
package. The community-weighted means of trait values is a direct exten-
sion of the “biomass ratio hypothesis” (Grime, 1998) and represents functional
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Characteristics F_RED dbFD
Input - traits
Allows quantitative (i.e., continuous) traits? ! !
Allows qualitative (i.e., categorical or nominal) traits? !
Allows semi-quantitative (i.e., ordinal) traits? !
Can have more traits than species? !
Can be a species × species distance matrix? !
Allows weighting of individual traits? !
Input - abundances
Allows sites with only one species? !
Allows sites with only two species? !
Can be missing? !
Options
Can standardise traits or not? !
Can weigh indices by abundances or not? !
Different ways of measuring FRic depending on the situation? !
Can FRic be standardised by the global hull volume (or other)? !
Can respect s > 2t condition when FRic is the convex hull volume? !
Computes Rao’s quadratic entropy Q? !
Computes FDis (functional dispersion)? !
Computes community-weighted trait means? !
Computes a posteriori functional group richness? !
Table 2.1: Main differences between F_RED and dbFD.
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composition (sometimes called functional identity). Because functional com-
position has been shown to be a key driver of ecosystem processes (e.g.,
Mokany et al., 2008), the inclusion of community-weighted trait means was
important. Community-weighted trait means can be multidimensional, as
it is a vector containing as many elements as there are traits. When the
goal is to compare several communities, principal coordinates could be com-
puted from the community-weighted trait means data, using an appropriate
distance measure, and these axes could be used as an index of functional
composition. As previously mentioned, correction for negative eigenvalues
may be necessary. Multivariate analyses could then be used to compare
functional composition between groups of communities (e.g., Legendre and
Anderson, 1999) or to carry out spatial analysis of functional diversity (Leg-
endre et al., 2005). Community-weighted trait means are generally used for
quantitative traits, but the FD package extends it to qualitative and semi-
quantitative traits. Another addition is functional group richness, which is
computed from an a posteriori classification of species based on their func-
tional traits (i.e., the data-defined approach of Gitay and Noble, 1997). This
differs from commonly-used a priori classifications such as C4 grasses, C3
grasses, or legumes (e.g., Tilman et al., 1997), which generally follow a de-
ductive approach (Gitay and Noble, 1997). Functional group richness com-
puted from a priori functional classifications has been shown to be a poor
predictor of ecosystem processes (Wright et al., 2006; Mokany et al., 2008),
yet it is unclear whether this also applies to a posteriori classifications. It
may turn out to be so, in which case functional group richness could still be
useful for descriptive purposes.
2.7 Conclusions
Villéger et al. (2008) have set the stage well for the development of a multidi-
mensional and multifaceted framework for functional ecology. The purpose of
this Chapter was to improve their framework. First, it was described how the
approach of Villéger et al. (2008) could be generalised to a flexible distance-
based functional diversity framework. Second, a new functional diversity in-
dex was presented, functional dispersion (FDis). FDis is the weighted average
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distance in multidimensional trait space of individual species to the weighted
centroid of all species, where weights correspond to the relative abundances
of the species. Finally, the FD R-language package is provided to easily imple-
ment the distance-based functional diversity framework. This distance-based
functional diversity framework and its associated code represent significant
improvements over the original approach described by Villéger et al. (2008),
yet it is simply a second step and may certainly be improved upon in the
future. Suggestions will be welcomed to make this distance-based functional
diversity framework, and its implementation in the FD package, even more
useful and flexible. Doing so will help in increasing the ability of ecologists
to understand and predict the functional consequences of human-induced
changes in biodiversity, a major contemporary goal for ecology.
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Chapter III
Comparison of Two Sampling Methods for Quantifying
Changes in Vegetation Composition under Rangeland
Development1
3.1 Summary
Rapid vegetation sampling methods based on visual estimation are useful for
monitoring changes in rangeland vegetation composition because large spa-
tial and temporal scales are often involved and limited sampling resources
available. In this Chapter, two sampling methods are compared in their
ability to detect changes in vegetation composition following rangeland de-
velopment: (i) species percent cover estimates within subplots (the percent
cover method), and (ii) rankings of relative biomass of the ten most abun-
dant species across the whole plot and the ratio of two of them (the visual
ranking method). Both methods were applied on 30 experimental plots at
year 26 of a long-term factorial trial of five soil fertility levels and three
sheep grazing intensities. Multivariate statistical methods showed significant
effects of experimental treatments (fertiliser level and sheep grazing inten-
sity) and of vegetation sampling method (visual ranking vs percent cover)
on vegetation composition. Importantly, no significant interactions involv-
ing sampling method were detected, indicating that the effect of sampling
method was consistent across experimental treatments. Effects of fertiliser
on vegetation composition were an order-of-magnitude greater than the ef-
fect of sampling method, while the latter was twice as important as the
1 This Chapter is currently in press:
Laliberté, E., Norton, D. A., Tylianakis, J. M. and Scott, D. (in press). Compari-
son of two sampling methods for quantifying changes in vegetation composition under
rangeland development. Rangeland Ecology & Management.
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effect of grazing. Results were robust to differential weights given to relative
abundances vs compositional changes. Differences between methods were pri-
marily driven by the percent cover method giving lower abundance estimates
of one relatively abundant species, lupin (a hybrid of Lupinus polyphyllus
Lindl.), relative to the visual ranking method. These results support the use
of the visual ranking method as a rapid yet powerful method for monitoring
changes in vegetation composition under rangeland development.
3.2 Introduction
A wide array of different vegetation sampling methods are available for quan-
tifying species abundance in plant communities (Müeller-Dombois and Ellen-
berg, 2003). Methods are generally judged on precision (how well does the
sample represent the “true” value), repeatability among different observers,
and efficiency (the amount of resources spent, particularly time, per unit
information gained) (Symstad et al., 2008). With regard to long-term range-
land monitoring, efficiency is often a primary practical concern because of
the large spatial and temporal scales involved, and the often-limited funding
available (Stohlgren et al., 1998). As a result, rapid and cost-effective meth-
ods for monitoring rangeland vegetation have been proposed (e.g., Friedel
and Chewings, 1988; Meentemeyer and Moody, 2000).
The listing or ranking of species in their descending order of abundance
is commonly used in describing vegetation composition in a sample unit,
and has been formalised in some sampling methods. In the dry-weight-rank
technique (’t Mannetje and Haydock, 1963), this is done by visually ranking
the first three most abundant species in subplot samples and assuming these
are generally in fixed proportions of biomass, based on extensive earlier clip
quadrat studies. The present work used visual ranking of up to ten species
in a sample unit for their contribution to standing biomass (Scott, 1989),
hereafter referred to as the “visual ranking” method. Compared to the dry-
weight-rank technique, the visual ranking method shifts the assumption from
the constancy of the species proportions to a log-linear relationship whose
gradient can be determined by estimating the abundance ratio between two
species (generally between the fifth- and first-ranked species; Scott, 1989).
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The rationale behind such visual ranking methods is that much information
on a given plant community can be obtained by simply knowing the relative
order of importance for the first few dominant species (’t Mannetje and Hay-
dock, 1963; Scott, 1989). The visual ranking method has since been used in
different applications (Linklater and Cameron, 2000; Scott, 2001, 2007; Lin-
klater and Cameron, 2009). This method was shown to be little influenced
by observer (Scott, 1989), but has not yet been compared to other vegetation
sampling methods.
The objective of the present study was to compare the visual ranking
method with a more field-intensive vegetation sampling approach using sev-
eral randomly-located sub-quadrats per plot, from which percent cover of
all vascular plant species was assessed visually (hereafter referred to as the
percent cover method, or PC; Müeller-Dombois and Ellenberg, 2003). How-
ever, since the visual ranking method only estimates the ranks of the most
abundant species in a sample unit, the objective was not to compare the
ability of each method to detect rare species, as other authors have previ-
ously done in comparisons of other sampling methods (West and Reese, 1991;
Stohlgren et al., 1998; Prosser et al., 2003; Symstad et al., 2008; Godínez-
Alvarez et al., 2009). Instead, the objective was to compare the relative
ability of the visual ranking and percent cover methods to detect changes in
vegetation composition following contrasting rangeland development strate-
gies (fertilisation, irrigation, and grazing intensity). Vegetation composition
is defined here as the relative abundances (i.e., which species are present,
and in what proportion) of the most abundant plant species within a given
community. If the differences in vegetation composition identified by the
visual ranking and percent cover methods are consistent across development
treatments, then either method could be used for monitoring in this type
of situations. Conversely, if the methods differ in their ability to discrimi-
nate compositional changes caused by treatments (i.e., if there is a significant
treatment × method interaction), then the more sensitive sampling method
may be preferred.
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3.3 Materials and Methods
3.3.1 Study Area and Site
The study was conducted on the AgResearch trial site at Mount John (Fig.
3.1), west of Lake Tekapo in the Mackenzie Basin of New Zealand’s South
Island (43°59’S, 170°27’E, 820 m above sea-level). The climate is semi-
continental with an average of 1772 degree-days above 5 °C and a mean
annual temperature of 8.7 °C, with a mean monthly maximum of 14.9 °C
in January (warmest) and mean monthly minimum of 1.7 °C in July (cold-
est). Mean annual rainfall is 601 mm and is uniformly distributed through-
out the year. The average annual moisture deficit is 445 mm. Prevailing
winds are from the north-west and are often strong. Soils are Humose, Or-
thic Brown (Hewitt, 1998), between 45 to 90 cm deep, and were developed
from greywacke and argillite rock till material subsequent to the retreat of
the Tekapo glacier about 13 000 years ago. The dominant vegetation type
prior to human settlement in the area is likely to have been short-tussock
grassland with a variable woody component, probably near the tall tussock
(Chionochloa sp.)/short tussock (Festuca novae-zelandiae Hack. Cockayne)
transition (McGlone, 2001). Early human occupation started around 700–
800 years ago, and has been linked with increased fire frequency (McGlone,
2001). Extensive grazing by sheep began in the area in the 1850–60s and
remains the most important land-use today.
3.3.2 Experimental Design
The experiment is described in detail by Scott (1999) and is only summarised
here. In 1982, a homogeneous mixture of 25 agricultural grass and legume
pasture species (Table 3.1) was sown using a rotary hoe drill within a 3-ha
area of depleted fescue tussock (F. novae-zelandiae) grassland dominated by
the exotic mouse-ear hawkweed (Hieracium pilosella L.) and an estimated
30–40 other vascular plant species. This vegetation type is representative of
large areas of New Zealand rangelands (Wardle, 1991). The trial followed
a split-plot design consisting of two spatial replications (blocks), each split
into five whole plots receiving one of the following five nominal fertiliser
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Southern Alps
Lake AlexandrinaMackenzie Basin
Mount John
AgResearch trial site
Figure 3.1: Aerial view of the study area and AgResearch trial site at Mount
John, located in the Mackenzie Basin of the South Island of New Zealand.
The white rectangle shows the location of the experiment used in the present
study (inset: close-up view of the 8×50-m experimental plots).
treatments: 0, 50, 100, 250, and 500 kg ha−1 yr−1 of sulphur fortified su-
perphosphate (i.e., a P/S fertiliser), which is typical of Australian and New
Zealand legume-based developed pasture systems. The whole plots receiving
500 kg ha−1 yr−1 were also irrigated fortnightly from November to May of
each year. Fertiliser was applied each year for the first 20 years of the exper-
iment. The fertiliser was applied annually to plots in early spring. Annual
variations in the analysis of P and S content of the superphosphate were
considered. The actual mean P and S rates applied over the first 10 years of
the experiment, in terms of applied P+S, were: 0 + 0, 4.1 + 17.6, 8.9 + 26.0,
22.7 + 54.5, and 46.8 + 114.8 kg ha−1 yr−1 for the 0, 50, 100, 250 and 500
kg ha−1 yr−1 treatments, respectively (Scott, 1999).
Each whole plot was further split into six 8×50-m subplots (hereafter
simply referred to as “plots”) corresponding to a two-way factorial design
involving sheep grazing intensity (lax, moderate, and hard) and stocking
type (mob vs sustained). In mob grazing plots, a larger number of sheep
(with actual numbers depending on available feed-on-offer of the moderate
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No. Species Cultivar Sowing rate (kg ha−1)
Legumes
1 Coronilla varia 0.02
2 Lotus corniculatus Cascade, Maitland 0.9
3 Lotus pedunculatus Grasslands Maku 2.1
4 Lotus corniculatus × L. pedunculatus G4712 2.1
5 Lupinus polyphyllus Russell 2.1
6 Medicago sativa Saranac 1.8
7 Trifolium ambiguum Prairie 2.1
8 Trifolium hybridum Tetra, local 0.8
9 Trifolium medium 1.9
10 Trifolium pratense Grasslands Pawera 1.1
11 Trifolium repens Grasslands Huia 0.3
Grasses
12 Agrostis capillaris 0.6
13 Arrhenatherum elatius 0.2
14 Bromus willdenowii Grasslands Matua 0.2
15 Bromus scoparius 1.0
16 Cynosurus cristatus 1.3
17 Dactylis glomerata Grasslands Apanui 5.0
18 Festuca arundinacea Grasslands Roa 4.7
19 Festuca rubra ssp. commutata 1.4
20 Holcus lanatus Massey Basyn 1.2
21 Lolium perenne Grasslands Nui 3.5
22 Lolium × hybridum Grasslands Ariki 3.5
23 Phalaris aquatica Grasslands Maru 4.7
24 Phleum pratense Grasslands Kahu 1.3
Herbs
25 Sanguisorba minor ssp. muricata 3.0
Table 3.1: Species over-sown on the study site in 1982, with sowing rates.
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plot) were introduced to plots for 3–4 days, while sustained grazing plots
received a lower number of sheep for a longer period (e.g., several weeks).
Only plots corresponding to the mob stocking type were considered.
Grazing intensity levels corresponded to a 1:2:4 sheep-grazing days ratio
in the years 2–4 of the experiment and 2:3:4 in subsequent years. Plots were
always grazed in groups of three, corresponding to the three mob-stocked
grazing intensity levels per whole plot. For each grazing event (i.e., when
vegetation had reached approximately 30 cm in height), sheep numbers were
adjusted based on available feed-on-offer of the moderate grazing treatment,
using expert knowledge (D. Scott). The duration of grazing was the same
for all three plots, but was adjusted based on residual bulk of the moderate
grazing treatment (i.e., height of 1–2 cm).
The grazing intensity treatment is relative (within each whole plot) and
not absolute, because actual sheep numbers can vary among whole plots
depending on forage availability. Consequently, the absolute amount of vege-
tation biomass consumed by sheep over a given period is strongly correlated
with aboveground net primary production (ANPP; r = 0.995, P ≤ 0.0001;
see Chapter 5 for details on ANPP estimates). The close relationship between
primary production and herbage consumption was a design feature, not an
artefact. In fact, it is a key element of the experiment that increases its re-
alism and ecological relevance because herbivore biomass, consumption and
production are tightly correlated to primary production in ecosystems (Mc-
Naughton et al., 1989). Grazing treatments occur in the period November-
May each year. Depending on the fertiliser level, there were between 4–9
grazing cycles during the sampling period (October 2007–April 2009). Sheep
carrying capacities among the different experimental treatments have been
analysed and modelled in previous work (Scott, 2000c, 2002). Grazing occurs
in the period November–May.
In addition to the 30 experimental plots described above (i.e., two blocks
× five fertiliser treatments × three grazing intensities), two 8×50-m control
plots were added in an area directly adjacent to the experiment. These two
plots had not been sown, fertilised, or irrigated. Moreover, they had not been
grazed since at least 1981, and only lightly grazed before then, at the same
intensity as the rest of the experimental site prior to this experiment being
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initiated.
3.3.3 Vegetation Sampling
For the present study, an additional factor, vegetation sampling method (two
levels: visual ranking vs percent cover), was added to this experimental de-
sign. The output from the two methods were paired per plot. Since sampling
method was nested within plots, this effectively transformed the experiment
into a split-split-plot design for the purpose of statistical analyses.
Visual Ranking Method
For the visual ranking method, the sample unit was the entire 8×50-m plot
in which the ten-most abundant vascular plant species were visually ranked
according to standing biomass (Scott, 1989). The ratio of abundance between
the fifth- and first-ranked species (the “5:1 ratio”, hereafter R5,1) was also
estimated (Scott, 1989). Once all 30 plots were sampled, the whole procedure
was repeated two additional times, but only for the first five-most abundant
species in each plot. In order to derive species relative abundances pi from
ranks ri, relative abundances from ranks for each of the three rounds, Scott’s
(1989) suggestion to use the geometric series was followed:
pi = (1− k) k(ri−1)
where k = 4
√
R5,1. R5,1 is used to determine the gradient of the linear re-
lationship between log(abundance) and rank, thereby enabling estimation of
the relative abundances of all species (Scott, 1989). For statistical analyses,
results of the three rounds were averaged, and only the first five-most abun-
dant species per plot were kept. The first five-most abundant species in each
plot together accounted for 79.7–99.7% of abundance, such that changes in
vegetation composition should be well reflected by considering the five-most
abundant species only (see Section 3.3.4 on page 40, where this is assumption
is tested).
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Percent Cover Method
For the percent cover method, 20 1×1-m quadrats (sample units) were ran-
domly positioned along two longitudinal transects in each plot. Transects
were 3 m apart from each other and 2 m from the closest fence to avoid
edge effects. Cover (i.e., vertical projection of canopy, including living and
non-living components) of all vascular plant species present in each 1×1-m
quadrat was recorded using a seven-point semi-quantitative scale (1, < 0.1%;
2, 0.1–0.9%; 3, 1–5%; 4, 6–25%; 5, 26–50%; 6, 51–75%; 7, 76–100%). Mean
percent cover per species per plot was calculated by taking the median of the
cover class for each species in all 20 quadrats, then averaging across these
quadrats. Because percent cover is estimated individually for each species,
and because canopy projections of different species can overlap, mean percent
cover could exceed 100%. Species present within the entire plot but in none
of the individual 20 1×1-m quadrats were assigned the lowest possible cover
value (i.e., the median of cover class 1, divided by 20). Percent cover data per
plot were transformed to relative abundances by dividing the percent cover
of each species by the sum of percent cover values for all species present. As
with the visual ranking method, only the first five-most abundant species
per plot were kept for analyses. In each plot, these first five-most abundant
species together accounted for 81.9–99.6% of abundance.
For both methods, sampling was undertaken by the same observer (E.
Laliberté) in year 26 of the experiment (early November 2008). Methods
were followed independently and not simultaneously, such that all plots were
first sampled using the percent cover method before moving on to the visual
ranking method. Sampling all 30 plots with the percent cover method took
three consecutive days, while the visual ranking method was done in one af-
ternoon (about one hour per round, three hours total). Temporal separation
of sampling methods (and the fact that the percent cover field data were
deliberately not consulted prior to visual ranking) minimised the chances of
the results of one method influencing the other.
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3.3.4 Statistical Analyses
To see whether changes in vegetation composition should be well reflected
by considering the five-most abundant species only, data from the percent
cover method (which included all plant species) were used to compare the
first 20 principal coordinates of Modified-Gower distance matrices (base 10;
Anderson, 2006) computed from the full data set (all species) and the reduced
data set (only the five-most abundant species per plot) through a Procrustes
test (Peres-Neto and Jackson, 2001). These first 20 principal coordinates
represented 100% and 99.82% of the variation of the reduced and full data
sets, respectively. The Procrustes test was run using 999 permutations with
the protest function of the vegan package (Oksanen et al. 2010) for R (R
Development Core Team, 2010). There was a strong and highly significant
Procrustes correlation between the two multivariate data sets (rProc = 0.850,
P = 0.001), suggesting that only considering the first five-most abundant
species should reflect well changes in vegetation composition.
The Pearson correlation coefficient r was computed between the relative
abundance data (ranging from 0 to 100) collected with the visual ranking
method and the data collected with the percent cover method, after log(x+1)
transformation. Major axis regression (with no intercept) was also used on
the log(x + 1) transformed data and tested whether the slope differed from
1 (Warton et al., 2006). For the eight-most abundant plant species across
all treatments, biplots were used for visual comparisons of the observed data
against the 1:1 line.
The effects of fertiliser, grazing intensity, and vegetation sampling method
and their interactions on vegetation composition were tested using permuta-
tional distance-based multivariate ANOVA (McArdle and Anderson, 2001).
This method is superior to traditional approaches (e.g., MANOVA) for anal-
ysing changes in composition because it can be based on any ecologically
meaningful distance metric, and not only the Euclidean distance (McArdle
and Anderson, 2001). Moreover, P -values are obtained using permutations
of the raw data or the residuals, such that no assumptions are made about
multivariate normality. This is important because community data rarely
meet these assumptions due to heavily positively-skewed distributions and
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an over-abundance of zeros (Legendre and Legendre, 1998). Experimental
treatments (fertiliser, grazing intensity, and sampling method) were treated
as fixed factors, whereas block, whole plot, and plot were treated as random
factors.
Three sets of analyses were conducted, each focusing on a different dis-
tance/dissimilarity measure. This is particularly important for distance-
based analyses because the distance measure can have a strong influence on
the results, and because it is useful to explicitly specify the relative impor-
tance given to changes in species relative abundances vs changes in presence-
absence in the analysis (Anderson et al., 2006). To take this into account, the
first test used presence-absence data with the Jaccard dissimilarity (Legen-
dre and Legendre, 1998). The second test used the Modified-Gower distance
with base 10 (Anderson, 2006). This distance measure considers an order-
of-magnitude change in abundance (e.g., from 1 to 10) equal to a change in
presence-absence (i.e. from 0 to 1; Anderson et al., 2006). The third analy-
sis used the same distance measure but with base 2, effectively putting the
same weight to a doubling in abundance (e.g., from 1 to 2) as a change in
presence-absence (Anderson et al., 2006).
Error structure followed a split-split plot design. As with any split-plot
design, such a model has lesser power for detecting treatment effects at the
whole plot level (i.e., fertiliser effects), but power progressively increases at
the lower levels (i.e., grazing intensity and vegetation sampling method ef-
fects) (Gotelli and Ellison, 2004). Underlying assumptions of this split-split
plot model are that all interactions involving blocks, whole plots or plots are
negligible (Gotelli and Ellison, 2004).
In order to visualise patterns in vegetation composition under the differ-
ent experimental treatments, non-metric multidimensional scaling (Shepard,
1962; Kruskal, 1964) was used as an ordination method. Non-metric multidi-
mensional scaling returns a two-dimensional biplot that best represents the
distance of individual samples (i.e., plots) in multivariate space. Components
of variation were used to compare the relative importance of treatments on
vegetation composition (Anderson et al., 2008). For fixed factors, these rep-
resent the sum of squared fixed effects divided by the appropriate degrees of
freedom, and can be directly compared to each other to estimate the rela-
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tive importance of treatments from any design, including split-plot designs
(Anderson et al., 2008).
One degree-of-freedom (df) contrasts were used for significant terms to
further partition significant terms according to a priori hypotheses generated
from visual exploration of the non-metric multidimensional scaling plot. The
whole-plot analyses used 9999 permutations of the raw data, while 9999
permutations of the residuals under a reduced model were used for the other
analyses. Monte-Carlo asymptotic P -values were used when there was a low
number of possible unique permutations (Anderson and Robinson, 2003).
To complement the distance-based multivariate ANOVA tests, canonical
analysis of principal coordinates (Anderson and Willis, 2003) was used to
visualise and interpret significant differences between treatment levels ob-
tained from permutational distance-based multivariate ANOVA when these
were not obvious from the non-metric multidimensional scaling biplot. The
purpose of canonical analysis of principal coordinates is to find axes in mul-
tivariate space that are best at discriminating between a priori groups (An-
derson and Willis, 2003). These analyses were conducted in the PRIMER
v6/PERMANOVA+ environment (Clarke and Gorley, 2006; Anderson et al.,
2008).
3.4 Results
3.4.1 Sampling Method
The species relative abundances collected from both methods were positively
associated, though this relationship was not strong (r = 0.491 after log [x+ 1]
transformation, P < 0.0001; Fig. 3.2). Nevertheless, the slope of the major
axis regression line did not differ significantly from 1 (bMA = 0.997, Fig. 3.2).
The visual ranking method gave greater abundance estimates for lupin (a
hybrid of Lupinus polyphyllus Lindl.), fescue tussock, and to a lesser de-
gree tall oat-grass (Arrhenatherum elatius L.), relative to the percent cover
method (Fig. 3.2). It gave slightly lower abundance estimates for mouse-ear
hawkweed and zig-zag clover (Trifolium ambiguum M. Bieb.) at medium
abundance levels (i.e., in the 20-40% range; Fig. 3.2).
Vegetation sampling method, fertiliser, and grazing intensity all had sig-
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Figure 3.2: Biplots showing the relationships between the visual ranking
(VR) method and the percent cover (PC) method. This was done for all
species (top left graph) and individually for the eigth-most abundant plant
species across all treatments. Graphs for individual species are shown in
decreasing order of overall abundance, starting from the top row and moving
right. Grey lines indicate the 1:1 relationship. Data from the top-left graph
was log(x+ 1) transformed to compute the Pearson correlation coefficient r
and the major axis regression slope bMA (no intercept). cheatgrass = Bromus
tectorum L.
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Source Contrasts df SS MS Pseudo-F P CoV
Block 1 2.47 0.41 1.30 0.303 0.02
Fert 4 28.34 1.18 3.73 0.014 0.43
0 vs Other 1 17.56 2.93 6.68 0.003 0.78
0 vs 500 1 14.76 2.46 12.11 0.085 1.13
500 vs Other 1 8.71 1.45 2.24 0.100 0.25
Whole plot error 4 7.61 0.317 0.32
Whole plot total 9 38.42
Graz 2 2.82 0.57 1.97 0.047 0.03
Low vs Other 1 1.74 0.87 2.67 0.019 0.04
Low vs High 1 1.77 0.89 3.60 0.029 0.06
Fert × Graz 8 7.10 0.44 1.54 0.042 0.08
Subplot error 10 5.78 0.29 0.29
Subplot total 29 15.17
Method 1 1.61 1.61 5.77 < 0.001 0.04
Fert × Method 4 1.26 0.32 1.13 0.301 0.01
Graz × Method 2 0.79 0.40 1.42 0.156 0.01
Sub-suplot error 23 6.42 0.28 0.28
Total 59 63.67
Table 3.2: Results of permutational distance-based multivariate ANOVA, us-
ing the Modified Gower distance base 10 (Anderson, 2006). Error structure
followed a split-split-plot design. Fertiliser (Fert) × Grazing intensity (Graz)
× Sampling method (Method) interaction was excluded from the model be-
cause it had a negative component of variation (CoV), as recommended by
Anderson et al. (2008). P -values in bold indicate significant differences at
α = 0.05 (9999 permutations).
nificant (P ≤ 0.05) effects on vegetation composition when the latter was
expressed using the Modified-Gower base 10 distance (Table 3.2). Impor-
tantly, there were no significant interactions involving vegetation sampling
method (Table 3.2), indicating that effects of vegetation sampling method
on the observed vegetation composition were consistent in size and direction
across fertiliser and grazing treatments.
The components of variation (CoV) showed that fertiliser had by far the
greatest effect on vegetation composition (CoV = 0.432), its effect being an
order-of-magnitude greater than sampling method (CoV = 0.044), with the
latter accounting for almost twice as much variation in vegetation composi-
tion as grazing intensity (CoV = 0.028; Table 3.2).
The differences in vegetation composition between sampling methods
identified from the main test (Table 3.2) were not obvious from the non-
metric multidimensional scaling plot (Fig. 3.3a). Therefore, canonical analy-
sis of principal coordinates (Anderson and Willis, 2003) was used to find the
44
canonical axis that best discriminated plots according to sampling method.
Of all plant species, lupin had the greatest Pearson correlation with this
canonical analysis of principal coordinates axis (r = −0.293), indicating that
it was more abundant in plots sampled under the visual ranking method. This
reinforced the previous finding that the visual ranking method gave higher
estimates of the abundance of lupin relative to the percent cover method
(Fig. 3.2).
3.4.2 Treatment Effects
The strong fertiliser effect could be readily identified from the non-metric
multidimensional scaling plot (Fig. 3.3a), with zero-fertiliser plots (black
symbols) being clearly separated from fertilised ones in ordination space.
There was also an apparent distinction of high fertiliser/irrigated suplots
(white symbols) from those of other fertiliser levels, while plots receiving 50,
100, or 250 kg ha−1 yr−1 of superphosphate did not appear to differ from
each other in terms of vegetation composition. A priori contrasts (Table
3.2) revealed significant differences in vegetation composition between the
zero-fertiliser plots and the other ones (P = 0.003), but not of high fer-
tiliser/irrigated plots from the others (P = 0.100). Very similar results were
obtained using the other two distance measures (results not shown).
Species showing a Pearson correlation r > 0.5 with any of the two non-
metric multidimensional scaling axes were added as a vector overlay on the
non-metric multidimensional scaling plot (Fig. 3.3b); this cut-off was used for
improving visual clarity, by eliminating species showing weaker relationships
with the non-metric multidimensional scaling axes. This indicated that along
the first non-metric multidimensional scaling axis, zero-fertiliser plots were
characterised by a greater abundance of mouse-ear hawkweed, fescue tussock,
blue tussock (Poa colensoi Hook.f.), and Pyrranthera exigua (Kirk) Zotov,
while fertilised plots contained a greater abundance of zig-zag clover and Ken-
tucky bluegrass (Poa pratensis L.; Fig. 3.3). A notable feature of the second
non-metric multidimensional scaling axis was that high fertiliser/irrigated
plots were characterised by a greater abundance of Chewing fescue (Festuca
rubra ssp. commutata Gaudin), while they contained little lupin relative to
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Figure 3.3: Non-metric multidimensional scaling of the vegetation composi-
tion data, showing (a) subplots and (b) species. The Modified-Gower dis-
tance with base 10 (Anderson et al. 2006) was used. In (b), the length
and direction of each vector (species) indicates the strength and sign of the
correlation between the two non-metric multidimensional scaling axes. Only
species showing a Pearson correlation r > 0.5 with any of the two non-metric
multidimensional scaling axes are shown. Symbols linked by lines indicate
the same subplot sampled under the percent cover (PC) method (white dots)
or the visual ranking (VR) method (no dots). pyrexi = Pyrranthera exigua
(Kirk) Zotov.
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other fertilised plots (Fig. 3.3).
There was a significant fertiliser × grazing intensity interaction (P =
0.042; Table 3.2), suggesting that effects of grazing on vegetation composition
were not consistent across fertiliser levels. However, post hoc pairwise com-
parisons did not indicate significant differences due to grazing among the dif-
ferent fertiliser levels (results not shown), possibly because of low statistical
power. Patterns in the non-metric multidimensional scaling plot (Fig. 3.3a)
suggest that this significant interaction may result from grazing showing little
effect on vegetation composition in high fertiliser/irrigated plots relative to
other fertiliser levels. In particular, among plots receiving 100 kg ha−1 yr−1
of superphosphate, those under hard grazing (Fig. 3.3a; triangles) appeared
to occupy a distinct location in ordination space compared with those under
moderate (Fig. 3.3a; squares) or lax grazing (Fig. 3.3a; circles).
The main grazing intensity effect was not obvious from the non-metric
multidimensional scaling plot (Fig. 3.3a). Therefore, canonical analysis of
principal coordinates was used to find the linear combinations of principal
coordinates that best discriminated plots under different grazing intensities.
The resulting canonical analysis of principal coordinates biplot (Fig. 3.4a)
showed that differences were between the lax-grazing treatment and the other
two grazing levels, which was confirmed by a significant a priori contrast
(Table 3.2). A vector overlay of all species showing a Pearson correlation
r > 0.3 was added to the canonical analysis of principal coordinates biplot,
but no species showed particularly strong associations with any of the non-
metric multidimensional scaling axes, which was reflected by the short length
of all vectors (Fig. 3.4b). The r > 0.3 cut-off was chosen here because of
relatively weak associations of individual species with the canonical analysis
of principal coordinates axes. Nevertheless, there was a tendency (as seen
along canonical analysis of principal coordinates axis 1) for lax-grazing plots
to have greater abundance of tall oat-grass, timothy (Phleum pratense L.),
and Chewing fescue, while moderately- and highly-grazed ones had a greater
abundance of Kentucky bluegrass and zig-zag clover (Fig. 3.4).
Very similar results were obtained when only presence-absence data (using
the Jaccard dissimilarity) were considered as well as when vegetation compo-
sition was expressed using the Modified-Gower base 2 distance (results not
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Figure 3.4: Canonical analysis of principal coordinates highlighting the differ-
ences in vegetation composition (Modified-Gower base 10 distance) among
(a) subplots under different grazing intensities. (b) Vectors represent the
species showing a Pearson correlation r > 0.3 with any of the two canoni-
cal analysis of principal coordinates axes. carmul = Carex muelleri Petrie;
raohoo = Raoulia hookeri Allan.
shown), despite the latter putting a great weight on differences in species
relative abundances. The only notable differences between the results ob-
tained from the different distance/dissimilarity measures was the absence of
significant grazing and fertiliser × grazing effects when only presence-absence
data were considered (P = 0.190). The fertiliser × grazing interaction was
also marginally non-significant (P = 0.059) when the Modified-Gower base
2 distance was used.
3.5 Discussion
Both vegetation sampling methods gave qualitatively similar results, although
the visual ranking method gave greater estimates of the abundance of lupin,
fescue tussock and tall oat-grass, and slightly gave lower estimates of the
abundance of mouse-ear hawkweed and zig-zag clover, relative to the per-
cent cover method. Despite these differences, the effect of sampling method
on observed vegetation composition was consistent among fertiliser and graz-
ing treatments. This suggests that both sampling methods were equally good
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at detecting management effects on vegetation composition in these grass-
lands. This is reinforced by the fact that modifying the relative importance
given to changes in presence-absence or relative abundances by using differ-
ent distance measures had little effect on the results. Even though sampling
method did influence the observed vegetation composition, this effect was
an order-of-magnitude smaller than the main fertiliser effect. In addition,
grazing effects were still detected irrespective of sampling method, despite
grazing having subtler effects on the observed vegetation composition than
the sampling method itself.
Differences between sampling methods were primarily driven by lupin,
a tall species relative to the other species. The percent cover method gave
lower abundance estimates for this species compared to the visual ranking
method. It is also notable that the other two species which were under-
estimated by the percent cover method (e.g., tall oat-grass and fescue tus-
sock) were also tall, while species which were over-estimated by the percent
cover method (e.g., zig-zag clover and mouse-ear hawkweed) were relatively
small in size. These differences between the two methods are likely due to the
fact that the visual ranking method uses standing biomass as the measure of
“abundance” (Scott, 1989) while the percent cover method uses ground pro-
jection of canopy cover. Clearly, in communities where species differ greatly
in height or life form (e.g., open shrublands), large differences between re-
sults obtained with the visual ranking and the percent cover method may be
expected strictly because of the respective focus of each method on different
measures of “abundance”. However, in this case all plots were dominated
by herbaceous vegetation, and differences between the two methods were
not large enough to influence their ability to detect changes in vegetation
composition from experimental treatments.
In this study, the two vegetation sampling methods compared were both
based on visual estimation, either of species standing biomass or of canopy
cover. Recently, ground-based or aerial digital imagery has been proposed as
more rapid and cost-effective alternatives to visual estimation of vegetation
cover in rangelands (Seefeldt and Booth 2006). However, these new digi-
tal technologies can currently only be used to measure overall plant cover
(Seefeldt and Booth, 2006) or to measure the relative cover of different plant
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life forms (e.g., grasses, forbs, and shrubs; Luscier et al., 2006), but not indi-
vidual species. The emerging field of “airborne spectranomics” may eventu-
ally allow distinction at the species level from aerial or satellite images (Asner
and Martin, 2009), but this is still far from being available as a rangeland
monitoring tool. Until then, ground-based estimation of plant species abun-
dances remains the best-available tool for monitoring changes in rangeland
vegetation composition following the adoption of new management strate-
gies. Direct measurement of plant biomass by species has been widely used
in grassland/rangeland assessment and arguably remains the most accurate
method, but faster and more cost-efficient visual estimation methods often
need to be used. Of the two visual methods compared here, the visual rank-
ing method was as good as the percent cover method at detecting changes in
vegetation composition following rangeland development, yet was about an
order-of-magnitude faster (i.e., ∼ 3 hours for visual ranking vs ∼ 30 hours
for percent cover).
Although the primary interest of this study was to test for differences
in observed vegetation composition under different sampling methods, the
results showed a strong effect of fertiliser and much a smaller, but still sig-
nificant, effect of grazing intensity. Plots receiving no fertiliser were charac-
terised by a greater abundance of mouse-ear hawkweed, blue tussock, fescue
tussock, and Pyrranthera exigua compared to fertilised plots. These species
are characteristic of the vegetation prior to establishment of the experiment
(Scott, 1999). Within fertilised plots, those receiving 500 kg ha−1 yr−1 of su-
perphosphate and irrigation contained more Chewing fescue and less lupin.
While grazing intensity has been shown to cause strong threshold changes in
vegetation composition of Mongolian rangelands (Sasaki et al., 2008), these
results show instead a strong threshold responses in vegetation composition
following the application of superphosphate, but a much smaller effect of
grazing intensity.
Uncommon species were purposefully excluded from the analyses since
the visual ranking method aimed at characterizing vegetation composition
by ranking the 10-most abundant species only in each plot. Monitoring
native and overall species richness in rangelands is important from a conser-
vation perspective (e.g., Symstad et al., 2008; Godínez-Alvarez et al., 2009),
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especially since species richness has been shown to vary under changing man-
agement in New Zealand rangelands (Norton et al., 2006). Nevertheless, veg-
etation composition, as expressed by the dominant species, is still useful for
most agronomic applications (e.g., Scott, 2007). Moreover, as predicted by
the mass-ratio hypothesis (Grime, 1998), vegetation effects on ecosystem bio-
geochemical processes may be primarily driven by the most-abundant species
(Mokany et al., 2008), such that excluding rare species from the analysis may
not drastically alter the ability to assess vegetation feedbacks on ecosystem-
level processes.
Most comparisons of vegetation sampling methods in rangelands have
focused on species richness (e.g., West and Reese, 1991; Stohlgren et al.,
1998; Godínez-Alvarez et al., 2009) and/or the cover of individual species
or functional groups (Prosser et al., 2003; Symstad et al., 2008), but none
had yet focused on changes in vegetation composition as was done here. In
this study, the percent cover and the visual ranking methods were used to
sample only the most-abundant species in each plot, but both methods could
be extended to more detailed biodiversity surveys. However, if the focus is
to detect main changes in vegetation composition from the perspectives of
rangeland agronomy or rangeland ecological functions, the results from this
study show that the visual ranking method is as good as the percent cover
method, despite the latter being a more field-intensive method using repeated
sub-sampling.
3.6 Conclusions
The purpose of this study was to compare a rapid visual ranking vegetation
sampling method (Scott, 1989) to a more field-intensive percent cover method
based on repeated sub-sampling with many quadrats. Both methods were
equally good at detecting changes in vegetation composition under different
fertiliser and grazing intensity regimes. The visual ranking method gave
higher abundance estimates for lupin relative to the percent cover method,
most likely because the measure of “abundance” differed between methods
(standing biomass for visual ranking, and canopy cover for percent cover)
and because of the greater height lupin relative to other species. However,
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differences between methods on observed vegetation composition were very
small compared to the main effect of fertiliser. The much greater efficiency of
the visual ranking method compared to the percent cover method (i.e., about
10 times faster in the present study) supports the use of the visual ranking
method as a rapid yet powerful method for detecting changes in vegetation
composition following rangeland development, at least in grasslands.
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Chapter IV
Trait-Based Plant Community Assembly Under
Long-Term Shifts in Soil Resource Availability and
Grazing Intensity1
4.1 Summary
Soil resource availability and disturbance (i.e., destruction of live biomass)
are widely recognised as key drivers of plant community structure. In this
Chapter, trait-based plant community assembly is studied in a 27-year ex-
periment where a common species pool was sown into semi-arid grasslands in
New Zealand, after which soil resource availability (five levels of P/S fertiliser
and irrigation) and disturbance (three levels of sheep grazing intensity) were
manipulated. Shifts in trait distributions are explored and compared to null
models, and a maximum entropy approach is used to quantify the direction
and strength of selection on each trait. Species were primarily differenti-
ated along a nutrient acquisition–conservation trade-off axis corresponding
to traits promoting rapid growth (e.g., high leaf [N] and specific leaf area)
vs those promoting long leaf lifespan. Species with leaf attributes that re-
duce nutrient losses held a long-term advantage under the lowest soil resource
availability, whereas those associated with a rapid growth rate quickly be-
came dominant under soil resource addition. There was a trend towards an
increasingly positive selection for species with thinner leaves under greater
soil resource availability, which may reflect a strategy to maximise specific
leaf area without sacrificing leaf density, and thus maintain leaf structural
1 This Chapter is currently under review:
Laliberté, E., Shipley, B., Norton, D. A. and Scott, D. (in review). Trait-based plant
community assembly under long-term shifts in soil resource availability and grazing
intensity. Ecological Monographs.
53
defenses under grazing. Moreover, greater leaf [S] and the ability to symbiot-
ically fix atmospheric N conferred greater fitness under soil resource addition.
Greater plant height, thinner leaves, and higher leaf [N] conferred greater fit-
ness with lower grazing intensity, but thinner leaves became less advantageous
under higher grazing intensity. There was strong evidence for trait-based fil-
tering at the highest soil resource availability, where all short species with a
nutrient-conserving strategy were competitively excluded. In contrast, under
the lowest soil resource availability, species relative abundance was markedly
over-dispersed along particular trait axes (e.g., leaf [P]), suggesting limiting
similarity with respect to strategies of resource acquisition and use. These
results highlight the importance of considering species functional differences
to understand how plant communities react to increases in soil resource avail-
ability and the intensity or frequency of disturbance, two important but often
inseparable components of land-use change.
4.2 Introduction
Given a common regional species pool, what determines the composition of
local communities? Answering this fundamental question has been a major
goal of community ecology since its beginnings (Clements, 1916; Gleason,
1926). In an effort to understand the determinants of bird species composi-
tion on islands of varying sizes, Diamond (1975) pioneered the concept that
“assembly rules” might govern local community composition. While this work
generated much interest, as well as some criticism (e.g., Connor and Sim-
berloff, 1979), one important limitation was the focus on taxonomic identity
and species-based assembly rules. This prevented any generalizations from
one system to other systems with differing species pools.
More recently, phylogenetic patterns at the community level have been
used to infer processes governing community assembly (Webb et al., 2002;
Swenson et al., 2006; Helmus et al., 2007; Emerson and Gillespie, 2008;
Cavender-Bares et al., 2009), often with the implicit assumption that phy-
logenetic distances reflect ecologically relevant species differences (but see
Prinzing et al., 2008; Kraft and Ackerly, 2010). However, an explicit fo-
cus on underlying functional traits is essential to make community ecology
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a more general, predictive science (Keddy, 1990; McGill et al., 2006; Webb
et al., 2010). Indeed, the ecological processes at play during community as-
sembly do not act on species per se, but instead on individuals possessing
different morphological or physiological attributes that directly or indirectly
influence their fitness. Hence, functional traits can be broadly defined as sub-
organismal or organismal characters affecting the growth and probabilities
of survival and reproduction in different environments (Violle et al., 2007;
Shipley, 2010b).
Trait-based community assembly was initially viewed as a series of suc-
cessive abiotic or biotic “filters” that exclude unsuitable strategies from those
found across the entire available species pool (Keddy, 1992; Díaz et al., 1998).
The successive set of filters thus represents the trait-based rules that govern
community assembly at a local site (Keddy, 1992). Despite its conceptual
appeal, the strict notion of “filters” invokes a series of binary decisions that
dictate whether a species will be present or not at a site, yet says noth-
ing about its expected abundance (Shipley, 2010b; Cornwell and Ackerly,
2010). For instance, both the amount of soil resources available and the level
of disturbance strongly structure local communities (Grime, 2002), yet these
continuous factors do not simply allow or prevent particular ecological strate-
gies from occurring at a local community. In an effort to modify Keddy’s
(1992) original concept into a more probabilistic view of trait-based commu-
nity assembly, Shipley (2010b) used the analogy of a “stochastic filter”, which
specifies the expected relative abundance of a species rather than its pres-
ence or absence. Under this new analogy, the relative abundances of species
are constrained by their functional attributes such that species possessing
attributes conferring greater fitness become more abundant on average, but
with a strong stochastic component that recognises the importance of chance
events affecting community composition. It follows that trait-based commu-
nity assembly reflects the process of natural selection acting on reproductively
isolated groups of individuals (i.e., species), but on an ecological rather than
an evolutionary timescale (Keddy, 1992; Shipley, 2010b).
If trait-based assembly rules exist, then non-random patterns of species
functional attributes should be found within communities. To date, most
research on trait-based community assembly has been directed towards this
55
goal. Such studies have been undertaken with bird (Ricklefs and Travis, 1980;
Lockwood et al., 1993; Moulton and Pimm, 1987), rodent (Hopf and Brown,
1986), fish (Mason et al., 2007; Ingram and Shurin, 2009), and plant com-
munities (Weiher et al., 1998; Stubbs and Wilson, 2004; Kraft et al., 2008;
Cornwell and Ackerly, 2009; Rada, 2000; Kraft and Ackerly, 2010). Classical
competition theory states that there is a limit to how similar co-occurring
species can be, because two species competing for the same resources can-
not stably co-exist (MacArthur and Levins, 1967). Based on this principle,
some authors have tested for over-dispersion (e.g., even spacing) of species
distributions in functional trait space, emphasizing the role of competition
during community assembly (Stubbs and Wilson, 2004). Others have in-
stead focused strictly on environmental filtering as the main trait-based as-
sembly process (Díaz et al., 1998; Lebrija-Trejos et al., 2010), focusing on
under-dispersion (e.g., restricted range or clumping) of functional attributes
(Weiher and Keddy, 1995).
Plant traits do not vary at random among species but covary along major
axes of functional variation or trade-offs (Grime et al., 1997; Wright et al.,
2004; Díaz et al., 2004; Shipley et al., 2006a; Maire et al., 2009), leading
to distinct ecological strategies (Grime, 1974; Westoby et al., 2002; Ackerly,
2004). It is increasingly recognised that the biotic and abiotic processes that
drive community assembly are not mutually exclusive, but can instead act on
different axes of functional variation (Weiher et al., 1998; Suding et al., 2003;
Gross et al., 2007; Kraft et al., 2008; Ingram and Shurin, 2009), or sometimes
on the same axis (Cornwell and Ackerly, 2009). Testing for non-random
patterns of trait over- and under-dispersion can thus provide insights on the
filtering processes that are structuring communities. Nevertheless, despite
their merits, such pattern-seeking analyses cannot yield explicit trait-based
assembly rules that lead to quantitative predictions about the composition
of local communities (Keddy and Weiher, 1999). This has led Weiher et al.
(1998) to conclude that “the patterns caused by community assembly [are]
abundantly evident, but the rules themselves [remain] elusive”.
Recently, an alternative approach has been developed that yields quan-
titative trait-based assembly rules and predictions of species relative abun-
dances (Shipley et al., 2006b; Shipley, 2010b) and has generated much in-
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terest and debate (McGill, 2006; Roxburgh and Mokany, 2007; Marks and
Muller-Landau, 2007; Shipley et al., 2007; Haegeman and Loreau, 2008; Ship-
ley, 2009b; Haegeman and Loreau, 2009; Shipley, 2009c; He, 2010; Roxburgh
and Mokany, 2010; McGill and Nekola, 2010; Shipley, 2010a). If natural
selection constrains the composition of a local community in such a way
that the individuals of species possessing favourable functional attributes
in a particular environment (i.e., attributes that confer greater fitness) be-
come more abundant, then predictable community-level patterns (represent-
ing the “constraints” imposed by community assembly processes), should
emerge (Shipley, 2010a,b). Shipley et al. (2006b) defined these “constraints”
as community-aggregated traits (Garnier et al., 2004; Díaz et al., 2007a),
which are best understood as the trait values of an average individual or
biomass unit chosen at random from a community (Shipley, 2010b); recent
convention seems to prefer the term “community-weighted mean” and this
convention will be followed hereafter. For example, under low rainfall and
low nutrient availability, plant communities are expected to be dominated
by individuals or species with lower specific leaf area and higher leaf density
(Cunningham et al., 1999). However, given a known species pool, a very large
(potentially infinite) number of different community compositions (i.e., com-
binations of varying species relative abundances) can adequately meet the
criteria of any set of specified constraints expressed as community-weighted
traits (Shipley, 2009c). One solution to this problem, provided by Informa-
tion Theory and Bayesian statistics is to find, among the very large set of
possible community states, the one that maximizes Shannon’s (1949) index
of information entropy or relative entropy. This decision is justified by the
fact that this particular community composition is the only one that is both
consistent with all stated constraints and that does not imply any additional
constraints (Jaynes, 2003; Shipley et al., 2007).
In order to identify trait-based assembly rules, the relative importance of
different traits in determining relative abundance needs to be measured, as
well as the strength and direction of selection in determining relative abun-
dance, before testing their significance. Provided that good predictions of the
observed relative abundances can be derived from the observed constraints
(i.e., observed community-weighted traits), then particular parameters (i.e.,
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the λ-values, or weights on the traits) of the maximum entropy (maxent)
model (Shipley et al., 2006b) can be used to assess the relative importance of
different traits in determining species relative abundances, and enable us to
find a parsimonious set of the most important traits (Shipley, 2010b; Sonnier
et al., 2010a). Importantly, in doing so the relative importance of different
traits can be compared across different environments.
Grime (2002) argued that trait-based community assembly would be
best studied by constructing synthetic communities from a common species
pool, experimentally altering environmental conditions and/or disturbance
regimes, and documenting changes in composition as communities adjusted
to the altered conditions. Ideally, such experiments should be of a suffi-
ciently long duration to allow time for communities to adjust to their new,
experimentally-altered conditions. In this Chapter, trait-based plant commu-
nity assembly is studied in a 27-year experiment conducted in New Zealand
grasslands, where a common species pool of 25 plant species was sown into
the resident vegetation within a ∼ 3-ha area in 1982, after which soil re-
source availability and grazing intensity were experimentally manipulated
(Scott, 1999). This experiment allowed us to explore in a controlled setting
how these two factors together drive long-term plant community assembly.
Specifically, the following questions are asked:
1. What are the relationships among the set of measured plant functional
traits in this system, and can primary axes of functional variation be
identified?
2. How are trait distributions altered following long-term shifts in soil
resource availability and grazing intensity?
3. What are the most important plant functional traits in determining
abundance in these grasslands?
4. How does the selective advantage of different traits vary across the
different experimental treatments?
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4.3 Materials and Methods
4.3.1 Study Area and Study Site
A detailed description of the study area and study site is given on page 34.
4.3.2 Experimental Design
A detailed description of the experimental design is given on page 34.
4.3.3 Vegetation Sampling
Visual ranking
Every year since 1983, the ten-most abundant plant species in each plot were
visually ranked according to standing biomass (Scott, 1989). The abundance
ratio between the fifth- and first-ranked species (R5,1) was also estimated
(Scott, 1989). In order to derive species relative abundances pi from ranks
ri, Scott’s (1989) suggestion to use the geometric series was followed:
pi = (1− k) k(ri−1)
where k = 4
√
R5,1. Plots were sampled at least three times on different days,
and abundances from the three rounds were averaged. These data were
used subsequently in this study to explore temporal patterns in community-
weighted traits, but were not used with maxent models.
Percent cover
Sampling of all vascular plant species present within each plot (Table 4.1) was
also undertaken in November 2007. Twenty 1×1-m quadrats were randomly
positioned along two longitudinal transects (10 quadrats per transect) in
each plot. Transects were 3 m apart from each other and 2 m from the
closest fence. Cover (i.e., vertical projection of canopy, including living and
non-living components) of all vascular plant species present in each 1×1-m
quadrat was recorded using a seven-point semi-quantitative scale (1, ≤ 0.1%;
2, 0.1–0.9%; 3, 1–5%; 4, 6–25%; 5, 26–50%; 6, 51–75%; 7, 76–100%). Mean
percent cover per species per plot was calculated by taking the median of
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the cover class for each species in each of the 20 quadrats, then averaging
across these quadrats. Because percent cover is estimated individually for
each species, and because canopy projections of different species can overlap,
total percent cover could exceed 100%. Species present within the entire
plot but not in the 20 individual 1×1-m quadrats sampled were assigned the
lowest possible cover value (i.e., the median of cover class 1, divided by 20).
Percent cover scores per plot were transformed to relative abundances by
dividing the percent cover of each species by the sum of percent cover values
for all species present. While the results obtained from the visual ranking and
percent cover sampling methods are only moderately correlated (r = 0.491,
P ≤ 0.001; see Chapter 3), both methods detect consistent differences in
plant community structure among fertiliser and grazing treatments (Chapter
3). These data were used to test for differences in community-weighted traits
and species richness, to explore trait over- and under-dispersion, and for
maximum entropy models.
4.3.4 Plant Functional Traits
Morphological and Chemical Traits
A set of 14 functional traits (Table 4.2) was selected from the standard lists
of Cornelissen et al. (2003) and Garnier et al. (2007); these traits have been
identified as traits that typically predict species responses to environmental
change and their effects on ecosystem processes, while still being easily mea-
surable across a wide range of species (Weiher et al., 1999; Cornelissen et al.,
2003; Garnier et al., 2007). Specific leaf area (SLA), leaf area (LA), and leaf
dry matter content (LDMC) were measured on at least 10 individuals per
plant species (spread among the five fertiliser treatments, with a minimum of
two individuals per fertiliser level), following the standardised methodology
of Garnier et al. (2001). A composite sample of 10 individuals per species
(spread among the five fertiliser treatments) was used for leaf nutrient analy-
ses (leaf nitrogen concentration [LNC], leaf carbon concentration [LCC], leaf
phosphorous concentration [LPC], and leaf sulphur concentration [LSC]; Ta-
ble 4.2). Leaf sulphur concentration (LSC) was added to the list because
S has been shown to be a key limiting nutrient in these grassland systems
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Code Species Family N / E Sowing rate
(kg ha−1)∗
Mean
abun. (%)
Range
abun. (%)
Aa Aphanes arvensis Rosaceae E - 0.13 0–2.03
Ac Agrostis capillaris Poaceae E 0.6 2.27 0–14.50
Ae Arrhenatherum elatius Poaceae E 0.2 11.54 0–85.81
Am Achillea millefolium Asteraceae E - 0.07 0–2.18
Ao Anthoxanthum odoratum Poaceae E - 0.75 0–9.75
Bb Brachyglottis bellidoides Asteraceae N - 0.01 0–0.06
Bt Bromus tectorum Poaceae E - 4.67 0–28.70
Cbc Carex breviculmis Cyperaceae N - 0.03 0–0.51
Cbi Cardamine bilobata† Brassicaceae N - 0.01 0–0.11
Cbs Colobanthus brevisepalus Caryophyllaceae N - 0.01 0–0.04
Cbu Capsella bursa-pastoris Brassicaceae E - 0.01 0–0.04
Cf Cerastium fontanum† Caryophyllaceae E - 0.01 0–0.05
Cg Celmisia gracilenta Asteraceae N - 0.01 0–0.03
Cm Carex muelleri Cyperaceae N - 0.70 0–6.00
Cp Coprosma petriei Rubiaceae N - 0.24 0–3.17
Cv Carmichaelia vexillata Fabaceae N - 0.26 0–6.43
Dg Dactylis glomerata Poaceae E 5 0.74 0–5.23
Ec Erodium cicutarium Geraniaceae E - 0.01 0–0.01
Er Elymus rectisectus Poaceae N - 0.07 0–1.55
Fn Festuca novae-zelandiae Poaceae N - 3.73 0–29.61
Fr Festuca rubra Poaceae E 1.4 9.95 0–52.01
Gs Geranium sessiliflorum Geraniaceae N - 0.01 0–0.16
Hc Hieracium caespitosum Asteraceae E - 0.01 0–0.04
Hl Holcus lanatus Poaceae E 1.2 0.17 0–1.87
Hpi Hieracium pilosella Asteraceae E - 15.02 0–49.56
Hpr Hieracium praealtum Asteraceae E - 0.01 0–0.20
Lc Lotus corniculatus Fabaceae E 0.9 0.01 0–0.01
Lf Leucopogon fraseri Epacridaceae N - 0.39 0–6.93
Lp Lupinus polyphyllus Fabaceae E 2.1 2.86 0–24.62
Lr Luzula rufa Cyperaceae N - 0.01 0–0.21
Mp Malva parviflora Malvaceae E - 0.01 0–0.01
Msa Medicago sativa Fabaceae E 1.8 0.01 0–0.14
Mst Myosotis stricta Boraginaceae E - 0.04 0–0.38
Oc Oreomyrrhis colensoi Apiaceae N - 0.01 0–0.04
Pc Poa colensoi Poaceae N - 0.77 0–5.88
Pe Pyrranthera exigua Poaceae N - 7.58 0–51.91
Pm Poa maniototo Poaceae N - 0.08 0–0.91
Po Pimelea oreophila Thymelaeaceae N - 0.13 0–1.27
Ppe Phleum pratense Poaceae E 1.3 6.66 0–5.01
Pps Poa pratensis Poaceae E - 10.24 0–35.00
Pv Pterostylis venosa† Orchidaceae N - 0.01 0–0.01
Ra Rumex acetosella Rumaceae E - 0.35 0–2.93
Rh Raoulia hookeri Asteraceae N - 0.12 0–3.02
Rs Raoulia subsericea Asteraceae N - 0.01 0–0.28
Sm Stackhousia minima Stackhousiaceae N - 0.02 0–0.21
Sp Schenodorus phoenix Poaceae E 4.7 0.46 0–7.90
Ta Trifolium ambiguum Fabaceae E 2.1 25.39 0–65.53
Th Trifolium hybridum Fabaceae E 0.8 0.01 0–0.27
Tm Trifolium medium Fabaceae E 1.9 0.06 0–0.82
To Taraxacum officinale Asteraceae E - 0.30 0–5.05
Tp Trifolium pratense Fabaceae E 1.1 0.01 0–0.01
Tr Trifolium repens Fabaceae E 0.3 0.04 0–0.75
Vt Verbascum thapsus Scrophulariaceae E - 0.03 0–0.82
Wa Wahlenbergia albomarginata Campanulaceae N - 0.07 0–0.80
Table 4.1: List of the plant species found in the study plots in the 2007–2008
surveys. ∗Species that were sown at the start of the experiment in 1982; see
Table 3.1 for more details. Not all of the 25 sown species were still present
in 2007. †These rare species were not considered in some analyses because of
incomplete trait data.
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(Scott, 2000f). Samples were oven-dried at 60 °C, ground, then sent to a
commercial laboratory (Hill Laboratories, Hamilton, New Zealand) for as-
sessment of leaf nutrient concentrations. Because leaf nutrient concentration
can vary along soil resource availability gradients, individual samples were
used from each fertiliser level for the six species which together accounted
for more than 80% of total cover among all plots (Table 4.1), following Gar-
nier et al. (2007). Field-measured traits were measured on all vascular plant
species in November 2007, just prior to the start of the grazing treatments
for that year.
Height (H) of mature plants was measured from ground level to the tip of
the highest photosynthetic organ on at least 10 individuals from each species
among the different fertiliser treatments (Garnier et al., 2007), prior to the
first grazing in November. Seed mass (SM) and onset of flowering (OF) was
measured following Cornelissen et al. (2003) and Garnier et al. (2007), but
could not be measured on all species (Table 4.2). Lifespan (LS) and ability to
fix atmospheric nitrogen (NF) were assessed using floras (Allan, 1982; Webb
et al., 1988; Edgar and Connor, 2000) and electronic databases (Landcare
Research, 2008; Peat et al., 2008).
Finally, leaf thickness (LT) was estimated as (SLA × LDMC)−1 (Vile
et al., 2005). This assumes an average leaf density (fresh mass) ρF ≈ 1 kg
m−3, which has been shown to be reasonably accurate (Sims et al., 1998;
Garnier et al., 1999). This estimate is likely to be biased for species with
non-laminar leaves (e.g., the tightly inrolled leaves of F. novae-zelandiae).
Therefore, the leaf thickness estimate was only used when exploring tempo-
ral patterns in community-weighted traits, and in the maxent models (as per
Sonnier et al., 2010a), because leaf thickness and LDMC can vary indepen-
dently along environmental gradients (Witkowski and Lamont, 1991).
Acceptability to Sheep
Since all plots were grazed by sheep (except for the two control plots which
had not been grazed since 1982), the relative acceptability of plant species as
forage for sheep (AS; Table 4.2) was considered as a potential determinant
of plant community assembly. Acceptability was equated with preference
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(Johnson, 1980), such that the acceptability of a plant species is assessed
as its grazing removal against its abundance or availability. For instance,
a species would rate as highly acceptable if it was grazed disproportionally
to its availability, and vice-versa. A restricted ordinal scale was used: 1
(low acceptability), 2 (medium acceptability), and 3 (high acceptability). To
facilitate classification of plant species into these three categories, existing
data from the literature (Cockayne, 1920; Hugues, 1975; Covacevich, 1991)
and expert knowledge (D. Scott, personal observation) were used.
4.3.5 Statistical Analyses
Relationships among Species Traits
Principal component analysis (PCA) was used to visualise the inter-relation-
ships among all continuous plant functional traits (Table 4.2) other than
onset of flowering, seed mass (because of missing values), and leaf thick-
ness (because of reasons mentioned on the facing page). Correlation biplots
(type-II scaling) were used such that the angles between vectors (traits) and
principal components reflected their correlations, with a small angle indicat-
ing a high correlation (Legendre and Legendre, 1998). In a correlation biplot,
projecting the objects at right angles onto a vector approximates their value
along this vector (Legendre and Legendre, 1998).
Prior to analyses, some traits (height, LCC, LNC, LPC, LSC, and leaf
area) were first log-transformed to make their distributions more symmetric,
and thus reduce the influence of species with extreme trait values. Pearson
correlation coefficients r were computed between traits and tested for sta-
tistical significance. These analyses, and all others in sections below, were
conducted in the R environment (R Development Core Team, 2010). Specific
analyses described above used the base packages as well as the bpca package
(Faria and Demetrio, 2009).
Shifts in Community-Weighted Traits
Community-weighted traits were used as “markers” of plant functional com-
position (Garnier et al., 2004; Díaz et al., 2007b). Community-weighted
traits (Ccw) were computed as the weighted trait means for each plot, where
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Code Trait Type Units / categories Range Number
of species
AS Acceptability
to sheep
Ordinal (1) low; (2)
medium; (3) high
1–3 54
H Plant height∗ Continuous mm 4–564 54
LA Leaf area Continuous mm2 1–8382 52
LCC Leaf carbon
concentration
Continuous % (dry weight) 40.2–47.4 51
LDMC Leaf dry
matter
content
Continuous mg g−1 126–498 52
LNC Leaf nitrogen
concentration
Continuous % (dry weight) 1.1–5.2 51
LPC Leaf
phosphorous
concentration
Continuous % (dry weight) 0.09–0.67 51
LS Plant lifespan Ordinal (1) annual; (2)
biennial; (3)
perennial
1–3 54
LSC Leaf sulphur
concentration
Continuous % (dry weight) 0.06–0.58 51
LT† Leaf thickness
(estimate)†
Continuous mm 0.14–1.20 52
NF Nitrogen
fixation
Binary (0) no; (1) yes 0–1 54
OF Onset of
flowering
Continuous Day of year (from
July 1)
124–210 49
SLA Specific leaf
area
Continuous m2 kg−1 1.8–40.9 52
SM Seed mass Continuous mg 0.03–21.2 42
Table 4.2: List of the functional traits measured on the species. ∗Height
of highest photosynthetic organ at reproductive stage. †Leaf thickness (LT)
was not measured but was instead estimated as (SLA × LDMC)−1. Leaf
thickness was only used to explore temporal shifts in community-weighted
traits and in the maxent models.
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weights are species relative abundances, using the following equation:
Ccw = [cij] =
S∑
k=1
oiktkj
where cij is the weighted mean of trait j from plot i, oik is the observed
relative abundance of species k at plot i (the 2007 vegetation cover data
were used), tkj is the value of trait j for species k, and S is the number
of species. Community-weighted traits for all leaf chemical traits (LCCcw,
LNCcw, LPCcw, LSCcw) were computed using the trait values measured from
each fertiliser level (0, 50, 100, 250, or 500 kg ha−1 yr−1) because these data
were available for the six most abundant species which together comprised
>80% of total abundance from all plots (this criterion was assessed with the
2007 vegetation cover data). Doing so partially takes into account intraspe-
cific variation for these traits, which can be important (Garnier et al., 2007;
Albert et al., 2010).
Temporal Trends (1981–2008) First, temporal trends in all continuous
community-weighted traits were explored (Table 4.2) for the first 27 years of
the experiment (i.e., 1981–2008) from the visual ranking vegetation data and
the trait data from year 26. For simplicity, in presenting the main trends
the 27-year time series was divided into three distinct periods: 0–5 years
(the “adjustment” period), 5–20 years (the “middle” period), and 20–27 years
(the “post-fertiliser” period). To highlight major temporal trends in the data,
generalised additive models (Wood, 2006) were used on community-weighted
traits between fertiliser or grazing intensity levels. Because vegetation com-
position was not assessed prior to the start of the experiment (i.e., in 1981),
but only from 1983–onwards, the two control plots from the 2007 vegetation
cover data were used as estimates of the starting conditions for all plots.
These estimates are necessarily imprecise, because they assume that all plots
had exactly the same vegetation composition and because the data were
obtained from a different vegetation sampling method (i.e., visual ranking
vs vegetation cover) whose results are only moderately positively correlated
with each other (r = 0.491, P ≤ 0.001, see Chapter 3). However, community-
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weighted traits have little sensitivity to sampling method (e.g., cover vs visual
ranking; Lavorel et al., 2008). Moreover, the two control plots should rep-
resent reasonable estimates of starting conditions since these have changed
little since 1981 (D. Scott, personal observation), while fertiliser treatments
led to large and rapid changes in vegetation composition (Scott, 2007). In
order to assess these rapid changes, it was judged better to present an ap-
proximate estimate than to use a conservative approach and present none
at all. In any event, the smoothed temporal trends from the generalised
addivite models are phenomenological and exploratory and are treated as
descriptive; inferential statistical tests are not conducted on these results.
Generalised addivite models were computed in R, using the gam function in
the mgcv package (Wood, 2006).
Differences in Community-Weighted Traits at Year 26 Statistical
tests of differences in community-weighted traits among fertiliser and graz-
ing intensity treatments were performed on the vegetation cover data at year
26 (i.e., 2007). This was done because (i) these data encompassed all plant
species (Table 4.1), not just the most abundant ones (as in the visual ranking
data), and (ii) the community-weighted traits from that year were used as
the constraints in the maximum entropy models (see next section on the next
page). For these analyses, height, LCC, LNC, LPC, LSC, and leaf area were
log-transformed prior to computation of community-weighted traits to re-
duce the influence of species with extreme trait values. SMcw and OFcw were
not computed because of missing trait values for a number of species, some
of which were relatively abundant (Table 4.2). Principal component anal-
ysis correlation biplots were used to visualise the inter-relationships among
community-weighted traits in multivariate space, and Pearson correlation co-
efficients r were computed between the community-weighted traits and tested
for statistical significance. Differences in individual community-weighted
traits among the different experimental treatments were tested using a split-
plot ANOVA model. Post hoc Tukey HSD tests were conducted when a
significant interaction or main treatment effect was detected. For the pur-
poses of visualisation, abundance-weighted distributions for all continuous
traits (Table 4.2) were also plotted; Gaussian kernel density estimates were
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used with bandwidths equal to Silverman’s (1986) rule of thumb.
Selective Advantage of Traits: Maximum Entropy Models
General description The biological model of community assembly through
trait-based habitat filtering (Keddy, 1992; Díaz et al., 1998) states that local
abiotic and biotic conditions exert a selective force on individuals with par-
ticular functional traits, such that the relative abundances of species found
in a local community will be constrained by their trait values. Recently, this
biological model has been recently translated mathematically into a maxi-
mum entropy (maxent) model by Shipley et al. (2006b) and more completely
and rigorously in Shipley (2010b). Only its main features are presented here.
A maxent model seeks to estimate the probabilities pˆ = [pˆj ] of a set of
j = {1, . . . , S} possible states, based on a set of macroscopic empirical con-
straints and a prior probability distribution q = [qj ]. In the context of com-
munity assembly, the probabilities pˆj represent the expected relative abun-
dances of the S species from the regional pool in a local community, and the
macroscopic empirical constraints are community-weighted traits (Shipley,
2010b). The prior probabilities qj are generally a maximally uninformative
prior, i.e., a uniform distribution (Shipley et al., 2006b). Alternatively, a
more informative prior can be used, such as the relative abundances of species
of the regional pool. Doing so can take into account potential differences in
propagule pressure exerted by the S species, assuming that propagule pres-
sure is a function of their regional abundance (Shipley, 2010b; Sonnier et al.,
2010b).
The general idea behind the maxent model is to find the probabilities pˆj
that maximise the relative entropy:
−
S∑
j=1
pj ln
(
pj
qj
)
conditional on the empirical or theoretical constraints (Shipley, 2010b). In
other words, it is to derive, for a local community, the most “even” predicted
relative abundances of all species in the regional pool that respect the speci-
fied constraints (in this case, the observed community-weighted trait values)
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but without implying any additional constraint, and while taking into ac-
count the potential propagule pressure exerted by different species from the
regional species pool (estimated by the prior q). The solution to this problem
is the Gibbs distribution:
pˆj =
qje
0BB@−
T∑
i=1
λitij
1CCA
S∑
j=1
qje
0BB@−
T∑
i=1
λitij
1CCA
=
qje
0BB@−
T∑
i=1
λitij
1CCA
Z
where 0 < pˆj < 1, S is the number of species in the regional pool, T is the
number of traits t, and λi is the weight on trait i. pˆj are solved for by using
the Improved Iterative Scaling algorithm of Della Pietra et al. (1997).
One can derive the λ-values (Lagrange multipliers) by solving the linear
system of equations:

ln (pˆ1)
ln (pˆ2)
...
ln (pˆS)
 = (λ1, λ2, . . . , λT )

t11 t12 . . . t1S − ln(Z)
t21 t22
... t2S − ln(Z)
...
...
...
...
tT1 tT2 . . . tTS − ln(Z)
− ln(Z)
which has T + 1 unknowns (the T values of λ plus ln(Z)) and S equations.
The intercept is ln(Z) and each λ-value measures the degree to which the
ln(pˆj) changes as the value of the trait changes, holding other traits constant.
Comparing the relative importance of traits When traits are stan-
dardised to unit variance, these λ-values can be directly compared to estimate
the relative importance of different traits in determining community struc-
ture (Sonnier et al., 2010a). A positive λ-value for a given trait indicates
that when other traits are held constant, species with greater values for this
trait are more abundant in the local community than could be expected from
the regional abundances, while negative λ-values indicate the opposite. A λ-
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value of zero suggests that no selective force is exerted on this trait. Hence,
provided that the predicted relative abundances obtained from the maxent
model match well the observed ones, λ-values can provide information about
the direction and strength of the selective force exerted on individuals with
different traits during community assembly.
Eight continuous traits (height, LDMC, leaf area, LCC, LNC, LPC, LSC,
and SLA), two ordinal traits (lifespan, acceptability to sheep) and one binary
trait (ability to fix N) were used in the maxent models, for a total of 11
traits (Table 4.2). Prior to analysis, height, leaf area, LNC, LSC, LCC,
and LPC were log-transformed to reduce the influence of species with large
trait values, and all traits were then standardised to unit variance. When
negative trait values were obtained from the log-transformation, |xmin| was
added to all values for that trait, where xmin is the minimum trait value.
This translation was necessary for the Improved Iterative Scaling algorithm,
which cannot accept negative values.
The maxent models were run on the 2007 vegetation cover data, which
included all species (Table 4.1). In order to find a parsimonious set of traits
and compare the selective advantage of different traits across all plots, a back-
ward selection procedure was adopted, in which the trait with the smallest
average absolute λ-value was progressively removed from the full set of traits,
until only one trait remained in the model. To explore how excluding rare
species affected the predictive capacity of the maxent model, models were
also run with all 11 traits, but only for those species accounting for 99%,
90%, and 80% of the total abundance in each plot.
Using a more informative prior In an effort to increase predictive ca-
pacity of the full model including all species (Table 4.1), the backward selec-
tion procedure described above was repeated, but adding leaf thickness as a
trait in the model, with and without a more informative “neutral” prior that
took into account regional abundances of species. While acknowledging that
dispersal itself is not necessarily a neutral process (Clark, 2009), this prior is
referred to as “neutral” because it assumes (i) equal per capita probabilities
of dispersal from the regional species pool to the local community, and (ii)
equal per capita probabilities of survival and reproduction within the local
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community. On the other hand, it is not truly neutral in that it does not nec-
essarily assume equal per capita probabilities of survival and reproduction in
the larger landscape (Shipley, 2010b). Adding such a neutral prior in maxent
models can be done by summing the abundances of each species over all sites
(Sonnier et al., 2010b; Shipley, 2010b). However, in this case the use of a
neutral prior computed by summing the abundances of each species was not
logical because many of the species had been sown at the beginning of the
experiment, while others had colonized naturally. To take this into account,
the regional species pool was split into sown (Table 4.1) and natural colonist
species, and each set was given a total relative abundance of 0.5. This was
justified by the fact that over-sowing with the rotary drill in 1982 led to
about a third of the area disturbed and effectively sown, left a third rela-
tively undisturbed (which still supported the initial vegetation), and left a
further third disturbed and not sown (D. Scott, personal observation). Initial
relative abundances of sown species were set proportional to their respective
sowing rates on a weight basis (kg ha−1); this makes the simplifying assump-
tion that propagule pressure is best represented by total seed weight, and not
seed number. Initial relative abundances of natural colonists were set pro-
portional to their total relative abundances over the zero-fertiliser plots and
the two controls, which represent the best-available estimates of the initial
vegetation composition. When a species was not found in these plots, it was
simply assigned the lowest prior probability.
Model validation and comparison of λ-values The fit between pre-
dicted and observed relative abundances was assessed through Pearson r2.
In addition, tests exploring whether the constraints in each maxent model
significantly increased predictive capacity beyond the information already
contained in the prior q were performed using the permutation tests recently
described by Shipley (2010c). Although 999 permutations were specified for
all tests, due to its computer-intensive nature the algorithm was stopped
whenever the 95% confidence interval of the P -value did not include the α-
level of 0.05 (Shipley, 2010c). All maxent models and permutation tests were
done using the maxent and maxent.test functions, which are available as
part of the FD package for R (Laliberté and Shipley, 2010).
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Finally, the λ-values for each trait obtained from the maxent model in-
cluding leaf thickness and an informative prior (i.e., the model that had the
highest predictive capacity) were compared through ANOVA. Significant dif-
ferences identified by ANOVA were further analysed using post hoc Tukey
HSD tests. Doing so allows one to assess the selective advantage of different
traits across the different experimental treatments.
Species Richness
Differences in plant species richness between fertiliser and grazing intensity
treatments were tested using ANOVA and post hoc Tukey HSD tests. This
was done for: (i) total species richness; (ii) native species richness; and (iii)
exotic species richness. The 2007 vegetation cover data (i.e., year 26 of the
experiment) were used for these analyses.
Null Models of Community Assembly and Trait Dispersion
Functional diversity metrics To explore whether the experimental treat-
ments of soil resource addition (i.e., fertilisation and irrigation) and grazing
intensity led to trait under- or over-dispersion (Weiher and Keddy, 1995),
three different functional diversity metrics were measured in each plot, and
the observed metrics were compared to those expected under a null model
of community assembly. First, functional richness (FRic; Cornwell et al.,
2006; Villéger et al., 2008) is the volume of the minimum convex hull that
includes all species in multidimensional trait space. FRic is the multivariate
analogue of the range and has been previously used to assess the importance
of environmental filtering during community assembly (Cornwell et al., 2006).
Second, functional evenness (FEve; Villéger et al., 2008) represents the reg-
ularity in the distribution of abundance in multidimensional trait space, and
is the multivariate extension of the functional regularity index of Mouillot
et al. (2005). An even spacing of species abundances in trait space is of-
ten interpreted as a signal that competitive interactions resulting in limiting
similarity (MacArthur and Levins, 1967) were important during community
assembly (Ricklefs and Travis, 1980; Weiher et al., 1998; Stubbs and Wilson,
2004; Mason et al., 2007; Ingram and Shurin, 2009).
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Because FRic (and the range) is strongly influenced by species with ex-
treme trait values (Cornwell et al., 2006), and because it cannot integrate
information on species abundances, a third functional diversity metric was
used, functional dispersion (FDis; see Chapter 2). FDis is the weighted av-
erage distance of individual species to the centroid of all species within a
community, where weights are species relative abundances, and is the multi-
variate analogue of the weighted mean absolute deviation (Chapter 2). While
FRic and FEve are by construction independent from each other (Villéger
et al., 2008), simulations have shown that FDis is moderately positively corre-
lated with FRic, and minimally with FEve (Chapter 2). FDis is conceptually
and mathematically similar to Rao’s quadratic entropy (Botta-Dukát, 2005,
see also Chapter 2).
Using individual or multiple traits Trait over- or under-dispersion can
be explored either in multidimensional space or using individual traits (Wei-
her et al., 1998). There are advantages and drawbacks to both approaches.
On the one hand, using more than one trait (e.g., Weiher et al., 1998; Stubbs
and Wilson, 2004) takes into account correlations between traits, but it can
then be difficult to attribute the overall observed patterns to any particular
trait. On the other hand, analysing individual traits (e.g., Kraft et al., 2008;
Cornwell and Ackerly, 2009) can simplify interpretation, but does not con-
sider correlations between traits and can increase the susceptibility to Type-I
error due to multiple testing.
A three-step approach that combined both approaches was used. First,
all traits (Table 4.2) were used, except leaf thickness (for reasons discussed
on page 62), to measure the functional diversity metrics in multidimensional
trait space (Chapter 2). Because traits were continuous, ordinal, or binary,
and because some missing values were present (Table 4.2), a Gower dissimilar-
ity matrix between species was used (Podani, 1999). In this second analysis,
only the two continuous traits that best represented the two strongest inde-
pendent axes of functional variation in the principal component analysis (i.e.,
the two traits that had the greatest loadings on the first two principal compo-
nents) were selected. Because the two traits selected (LNC and height) were
continuous, a Euclidean distance matrix was used to compute the functional
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diversity metrics (Chapter 2). Third, all continuous traits were considered
individually, except seed mass and onset of flowering for which missing val-
ues were present for some relatively abundant species (Table 4.2). For these
univariate analyses, FRic was computed as the range (Kraft et al., 2008;
Cornwell and Ackerly, 2009; Ingram and Shurin, 2009). All functional di-
versity metrics were computed using the FD package (Laliberté and Shipley,
2010).
Comparison to null expectations The observed functional diversity
metrics were compared to those obtained from a null model of random
community assembly. In contrast to other studies that used only presence-
absence data in their null models (e.g., Weiher et al., 1998; Cornwell and
Ackerly, 2009; Ingram and Shurin, 2009), this null model approach integrated
species abundances. In order to convert the continuous abundance data to
the count data required by the null model algorithm, all non-zero values in
the abundance matrix were divided by the minimum non-zero value, and re-
sults were rounded to the nearest integer. To prevent regionally rare species
from becoming abundant, and to avoid changes in species richness from in-
fluencing the null functional diversity metrics, the randomisation procedure
was constrained such that species abundances across all plots (i.e., column
marginals), as well as species richness per plot (i.e., number of structural
zeros per row), were kept constant. A total of 999 null abundance matrices
were generated using the ’3x’ algorithm of Hardy (2008), available as part of
the vegan package (Oksanen et al., 2010).
To test for over- or under-dispersion within each plot, the number of times
that the observed functional diversity metric in each plot was smaller, equal,
or greater than the functional diversity metrics obtained from the null model
was recorded. Because the test was two-tailed with α = 0.05, statistically
significant over-dispersion meant that only 2.5% of the null functional di-
versity values were equal or greater than the observed functional diversity
metric, whereas under-dispersion meant that 2.5% of the null values were
equal or smaller than the observed functional diversity metric. However,
since such individual-plot measures of trait dispersion are stringent and can
thus have lower power to detect non-random patterns (Stubbs and Wilson,
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2004; Ingram and Shurin, 2009), the standardised deviations from the null
expectation (z-scores) for each plot were also computed:
z =
x − µnull
σnull
where x is the observed functional diversity, µnull is the mean of the null dis-
tribution, and σnull is its standard deviation. To ensure that the z-scores were
meaningful, they were only calculated when null distributions were approx-
imately symmetric. The z-scores were compared among treatments, using
ANOVA and post hoc Tukey HSD tests. Positive z-scores indicate a trend
towards over-dispersion, while negative z-scores indicate a trend towards
under-dispersion (Ingram and Shurin, 2009). All trait dispersion analyses
were conducted on the 2007 vegetation cover data.
4.4 Results
4.4.1 Relationships among Species Traits
There were moderately strong (|r| ≥ 0.6) and significant (P ≤ 0.05) correla-
tions between several of the functional traits measured (Fig. 4.1). A principal
component analysis conducted on all continuous traits other than seed mass
and onset of flowering (because of missing values for these two traits; Table
4.2) highlighted the inter-correlation between several traits along the two
first principal components (Fig. 4.2a). Together, the first two principal com-
ponents represented 74% of the variance in these traits. LNC, LPC, LSC,
LDMC, and SLA all had strong loadings on the first axis, which explained
54.3% of the variance in traits (Fig. 4.2a). The second axis, which explained
an additional 19.7% of the variance in traits, was primarily driven by height
and LCC (Fig. 4.2a), although these two traits were not significantly cor-
related with each other (Fig. 4.1). LCC had the strongest loading on the
third axis, which explained 9.9% of the variance in traits. There was a very
sharp distinction between native and exotic species along the first principal
component, with native species having distinctly greater than average LDMC
values, and lower than average LNC, LSC, SLA, LSC, and LPC values than
exotic species (Fig. 4.2a).
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Figure 4.1: Scatterplot matrix showing the pairwise relationships among
eight continuous and one ordinal (acceptability to sheep) traits for all species.
The diagonal shows frequency histograms of individual traits. The lower left
of diagonal shows individual scatterplots between pairs of traits. Smoothed
loess curves (black lines; span = 0.9) were added to plots. The upper right of
diagonal shows the Pearson correlation (r) coefficients. Values in black, bold
characters indicate statistical significance at α = 0.05, while values in small,
grey characters indicate non-significant correlations; the same color rule ap-
plies to scatterplots in the lower diagonal. See Table 4.2 for a description of
the trait codings.
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Figure 4.2: Principal component analysis correlation biplots (type-II scaling)
showing the relationships among (a) nine traits (black vectors) for all species
and (b) the same nine community-weighted traits (black vectors) for all 32
plots. Grey dots represent species. Traits that were log-transformed in (a)
were also log-transformed in (b) before computing the community-weighted
traits. See Table 4.2 for a description of the trait codings.
4.4.2 Shifts in Community-Weighted Traits
Temporal trends: fertiliser and Irrigation
0–5 year adjustment period In the 0–5 year adjustment period there
were rapid changes in several community-weighted traits, such that distinct
peaks (positive or negative) were often observed (Fig. 4.3). SLAcw initially
increased rapidly at all fertiliser levels, but became highest (≈ 26 m2 kg−1)
in the high fertiliser/irrigated treatment (those receiving 500 kg ha−1 yr−1 of
superphosphate), intermediate in the dryland fertilised treatments (≈ 20 m2
kg−1), and lowest in zero-fertiliser treatment (≈ 16 m2 kg−1). A similar trend
was observed for AScw, although differences between the zero-fertiliser treat-
ment and the dryland fertilised treatments were not clear. LTcw decreased in
the high fertiliser/irrigated treatment (≈ 0.20 mm) but increased in all other
treatments (≈ 0.35 mm). LNCcw and LSCcw initially increased in all treat-
ments, but more so in fertilised than in non-fertilised ones; LDMCcw showed
a weak trend in the opposite direction, although there was little evidence for
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differences between treatments. The trends in LNCcw and LSCcw matched
the proportional increases in N-fixing species (NFcw) among the different
fertiliser treatments. LPCcw showed a different pattern in that it initially
increased to a greater level in zero-fertiliser than in fertilised treatments.
LCCcw increased in all treatments, but less so in high fertiliser/irrigated
ones. SMcw and LAcw strongly increased in dryland fertilised treatments,
increased moderately in non-fertilised plots, and remained stable in the high
fertiliser/irrigated treatment. Hcw increased in the dryland fertilised treat-
ments but remained stable in high fertiliser/irrigated and zero-fertiliser treat-
ments. OFcw was delayed in high fertiliser/irrigated treatments but did not
vary in the other treatments. LScw remained stable throughout the initial
adjustment period.
The changes in community-weighted traits during the adjustment period
reflected marked increases in the relative abundance of N-fixing species (Fig.
4.4). Lupinus polyphyllus, a tall legume (∼ 40 cm; see Fig. 4.15), rapidly
increased in relative abundance in all but the highest fertiliser treatments
(Fig. 4.4). Clovers (Trifolium spp.; see Table 4.1) increased in abundance in
all dryland fertiliser treatments and particularly so at the highest fertiliser
level, where they became dominant (Fig. 4.4).
5–20 year middle period The community-weighted traits that showed a
rapid initial increase (or decrease) in the initial adjustment period (SLAcw,
AScw, LNCcw, LSCcw, LPCcw, LDMCcw, LCCcw) shifted back to a value
closer to the estimated starting value during the 5–20 year period (Fig. 4.3).
For example, after its initial peak SLAcw decreased strongly in the high fer-
tiliser treatment, while it remained stable (after a temporary decrease) in the
dryland (i.e., non-irrigated) fertiliser treatments and progressively decreased
in the zero-fertiliser treatment. Consequently, all fertilised treatments con-
verged towards a similar SLAcw (≈ 20 m2 kg−1) around year 15, while SLAcw
in the zero-fertiliser treatment was still distinctly lower (≈ 15 m2 kg−1).
Similar trends were observed for AScw, LNCcw and NFcw. LSCcw remained
stable after its initial peak for all fertilised treatments, while it consistently
decreased in the zero-fertiliser treatment. LDMCcw increased in all treat-
ments, but more so in the zero-fertiliser treatment, which had the highest
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Figure 4.3: Shifts in community-weighted trait means among fertiliser treat-
ments for the 27 years of the experiment (1981–2008). See Table 4.2 for
units. Smoothed lines are fitted values from generalised additive models,
with grey shaded areas representing standard errors. The vertical dashed
lines correspond to the different periods.
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Figure 4.4: Relative abundance of particular species and groups of species for
the 27 years of the experiment (1981–2008). See Table 4.1 for species codes.
Exotic grasses include all exotic Poaceae. Native tussocks include F. novae-
zelandiae and Poa colensoi. Clovers include all Trifolium spp. The vertical
dashed lines correspond to the different periods. The detached columns on
the far right side show the relative abundance of the different groups from
the 2007 cover data (year 26).
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LDMCcw at year 20. SMcw and LAcw (and to a lesser extent LTcw) remained
stable in the high fertiliser/irrigated treatment but decreased sharply in dry-
land fertilised treatments around year 15. OFcw remained stable in the high
fertiliser/irrigated treatment and increased progressively in all other treat-
ments. Hcw remained relatively stable (showing only a slight increase) among
treatments during the 5–20 year period. Throughout the middle period, a
number dryland fertilised plots showed lower LScw, particularly in those re-
ceiving 50 and 100 kg ha−1 yr−1 of fertiliser. This period was marked by
decreases in the abundance of L. polyphyllus in zero-fertiliser and dryland
fertilised treatments, and increases in exotic grasses in all treatments (Fig.
4.4).
20–27 year post-fertiliser period The final post-fertiliser 20–27-year pe-
riod was characterised by less temporal variability within treatments for most
community-weighted traits. The main exception to this general trend was
in the zero-fertiliser treatment, where SLAcw, LNCcw, LSCcw, LPCcw, and
NFcw steadily decreased, while LDMCcw kept increasing (Fig. 4.3). Simi-
larly, there were smaller fluctuations in the relative abundance of different
groups of species than in the previous two periods (Fig. 4.4).
Temporal Trends: Grazing Intensity
In contrast to the large differences that were observed among fertiliser treat-
ments in the temporal trends of community-weighted traits, the differences
among grazing intensity treatments were much subtler, and all three levels
followed similar trajectories (Fig. 4.5). In general, differences among treat-
ments became more apparent with time (particularly after around year 15),
but such differences were always small and only noticeable for a few traits
(e.g., AScw, LNCcw, LSCcw, LDMCcw, NFcw, and Hcw). Most notably, there
was a trend for Hcw to increase under lower grazing intensity compared to
the other two levels (Fig. 4.5).
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Figure 4.5: Shifts in community-weighted trait means among grazing inten-
sity treatments for the 27 years of the experiment (1981–2008). See Table 4.2
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Differences in Community-Weighted Traits at Year 26
The pattern of trait variation observed at the species level (Fig. 4.2a) was also
reflected at the community (plot) level (Fig. 4.2b). Though qualitatively sim-
ilar, correlations between community-weighted traits were generally stronger
than between species-level traits (Fig. 4.6).
A principal component analysis of community-weighted traits showed that
plots receiving no fertiliser, as well as the two control plots, had greater than
average LDMCcw, and lower than average SLAcw, LNCcw, LSCcw, and LPCcw,
than all fertilised plots (Fig. 4.2b). There was also a tendency for plots under
low grazing to have greater Hcw than plots under moderate or high grazing
(Fig. 4.2b).
There were significant (P ≤ 0.05) differences between zero-fertiliser and
fertilised treatments for SLAcw, LAcw, LSCcw, and LNCcw, which were all
greater in the fertilised treatments, yet there were no differences among the
different fertilised treatments (Fig. 4.7a). LPCcw, Hcw, LDMCcw and LCCcw
did not significantly differ among fertiliser treatments (Fig. 4.7a). LSCcw
increased with grazing intensity, and differed significantly among all grazing
intensity levels (Fig. 4.7b). LNCcw was significantly lower under lax graz-
ing than under hard grazing (Fig. 4.7b). LPCcw was significantly higher at
the highest grazing intensity, while the opposite was true for LDMCcw (Fig.
4.7b). Hcw was higher in the lax-grazing treatment than in the other two
treatments (Fig. 4.7b). Two traits (LSCcw and LPCcw) showed significant
fertiliser × grazing interactions. LSCcw of high fertiliser/irrigated plots was
significantly greater under hard grazing than under lax or moderate graz-
ing (Fig. 4.8). For LPCcw, the significant interaction was due to significant
differences of the high fertiliser/irrigated treatments between lax and hard
grazing, and similarly for the 100 kg ha−1 yr−1 fertiliser treatment (Fig. 4.8).
4.4.3 Selective Advantage of Traits
Prediction of relative abundances Using all community-weighted traits
except leaf thickness, seed mass, and onset of flowering (Table 4.2) with a
maximally uninformative uniform prior, 66% of the variation (P ≤ 0.05) in
the observed species relative abundances of all 51 species from the regional
82
SLA
220 260 300
−0.70 0.60
0.25 0.40 0.55
0.92 0.57
−0.90 −0.75
0.89 0.97
−1.6 −1.0 −0.4
12
14
16
18
20
0.84
220
240
260
280
300
320
l
l
lll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l l
l
l
l
LDMC
−0.69 −0.89 −0.72 −0.81 −0.71 −0.27
ll
l
l
l
l
l
l
l
llll
l
l
l
l
ll
l
l
ll
l
l l
l
l
l
l
l l
l
l
l
l
l
l
l
lll
l
l
l
l
ll
l
ll l
l
l
l
l
l
l
LCC
0.71 0.50 0.57 0.64
1.640
1.645
1.650
0.32
0.25
0.30
0.35
0.40
0.45
0.50
0.55
ll
l
ll
l
l
l
l
lll
l l
ll l
l
ll
l
l
l
l
l
l
l
l
ll
l l
l
ll
l
l
l
l
lll
l l
lll
l
l
l
l
ll
l
l
l
l
l
ll
ll
l
ll
l
l
l
l
lll
ll
ll l
l
ll
l
l
l
l
l
l
l
l
l
ll
LNC
0.69 0.94 0.93 0.64
l
l
l
ll
l
l
l
l
l
ll
l
l
l
l l
l
l
ll ll
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll lll
l
l
l
ll
ll
l
l
l
ll
l
l
l
l
l
ll
l
l
l
l
l
l
l lll
l
l
l
ll l
ll
l
l
l
ll
l
l
l
l
ll
l
l
l
ll
l
l
l ll l
l
l
l
ll l
ll
LPC
0.76 0.52
−0.70
−0.65
−0.60
−0.55
−0.50
0.20
−0.90
−0.85
−0.80
−0.75
−0.70
−0.65
ll
l
l
ll
l
l
l
llll l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l l
l
l
ll
l
l
l
lll l
l
l
l
l
lll
l
ll
l
l
l
l
l
ll
l
l
l
l l
l
l
l
llll
l
l
l
l
l l
l
l
l
l
l
l
l
ll
ll
l
l
ll
l
l
l
lll
l
l
l
l
ll l
l
l
l
l
l
ll
l
ll
ll
l
l
l l
l
l
l
l ll l
l
l
l
l
l l
l
l
l
l
l
l
l
ll
LSC
0.87 0.62
l
l
l
ll
ll
l
l
l
l l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
ll
l l
l
l
ll
l l
l
l
l
l
ll
l
lll
l
l
l
ll
ll
l
l
l
ll l
ll
l
l
ll
ll
l
l
l
l
ll
l
l
l
l
l
l
l
l
ll
l
l
l
lll
ll
l
l
ll
ll
l
l
l
l
ll
l
l l
l
l
l
l
l
l
ll
l
l
l
l l
ll
l
l
ll
ll
l
l
l
l
l l
l
l
l
l
l
ll
ll
l
l
l
lll
ll
l
l
ll
ll
l
l
l
l
ll
l
ll
l
l
l
l
l
l
ll
LA
2.0
2.5
3.0
0.86
12 16 20
−1.6
−1.4
−1.2
−1.0
−0.8
−0.6
−0.4
ll
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
ll
l
ll
ll
ll
l l
l
l
l
l
l
l
l
l
l l
l
l
ll
l
l
l
l
l
ll
l
ll
l
l
ll
1.640 1.650
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
ll
l
l l
l
l l
ll
ll
l
ll
l
l
l
l
l
l
ll
l
l
ll
l
l
l
l
ll
l
l l
l
l
ll
−0.70 −0.55
ll
l
l
l
l
l
l
l
l
l l
l
l
ll
l
l
l
l
l
ll
l
l l
l
l
ll
l
l
ll
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l l
l
l
ll
2.0 3.0
ll
l
l
l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
ll
l
l l
l
l l
ll
H
Figure 4.6: Scatterplot matrix showing the pairwise relationships among
eight continuous community-weighted traits for all 32 plots, using the 2007
cover data. The diagonal shows frequency histograms of individual traits.
The lower left of diagonal shows individual scatterplots between pairs of
traits. Smoothed loess curves (black lines; span = 0.9) were added to plots.
The upper right of diagonal shows the Pearson correlation (r) coefficients.
Values in black, bold characters indicate statistical significance at α = 0.05,
while values in small, grey characters indicate non-significant correlations;
the same color rule applies to scatterplots in the lower diagonal. See Table
4.2 for a description of the trait codings.
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Figure 4.7: Boxplots showing the differences in community-weighted traits
among (a) fertiliser and (b) grazing intensity treatments at year 26. Dif-
ferent letters indicate significant differences (α = 0.05) based on post hoc
Tukey HSD tests. The central bar shows the median, the box represents
the interquartile range (IQR), the whiskers show the location of the most
extreme data points still within 1.5 × IQR +/− the upper or lower quar-
tiles, and the grey points are outliers. See Table 4.2 for a description of the
trait codings and units. Statistical tests were based on community-weighted
traits computed from log-transformed traits for Hcw, LCCcw, LNCcw, LPCcw,
LSCcw, and LAcw, but the figure shows untransformed community-weighted
trait values. mod = moderate.
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Figure 4.8: Boxplots showing the differences in community-weighted traits
among fertiliser and grazing intensity treatments for two traits (LSC and
LPC). For each trait (row), different letters indicate significant differences
(α = 0.05) based on post hoc Tukey HSD tests. See Table 4.2 for a description
of the trait codings and units.
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Figure 4.9: Predictive capacity (Pearson r2) of the maxent model over all
plots (including the two control plots) as the number of traits used increases.
(a) All traits except leaf thickness (Table 4.2), uniform prior. (b) All traits
including leaf thickness, using either a uniform or a more informative neutral
prior. The black lines and trait labels show where the maxent models start
becoming statistically significant (P ≤ 0.05). See Table 4.2 for a description
of the trait codings.
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pool over the 32 plots was explained (Figs. 4.9a and 4.10a). Plotting the
predicted against observed relative abundances on a logarithmic scale showed
that rare species (those forming < 5% of total abundance per plot) were less
well predicted than the most common ones (Fig. 4.10b). In this model,
progressive removal of traits with the smallest absolute λ-values suggested
that LNC, LDMC, leaf area and SLA were the most important traits, while
LCC, height, LPC and ability to fix N were the least important ones (Fig.
4.9a). The predictive capacity of the maxent model was significant once two
traits (LNC and LDMC) were included, although the resulting r2 was low
when only these two traits were considered (Fig. 4.9a).
Using a more informative neutral prior (details on page 69) in the model
gave even better results (r2 = 0.784, P ≤ 0.05). Using the uniform prior but
considering only the most-abundant species accounting for 99% (35 species
in total), 90% (21 species), or 80% (16 species) of the total abundance in
each plot yielded much better predictions (Fig. 4.11).
Compared with the initial model (Fig. 4.10a), adding leaf thickness as a
trait in the maxent model greatly increased predictive capacity, particularly
with the more informative prior (r2 = 0.929, P ≤ 0.05; Figs. 4.9b & 4.10c).
In these new models leaf thickness, SLA, and LSC were important traits,
while LDMC and LNC became much less important (Fig. 4.9b). In the model
with the more informative prior, four traits (leaf thickness, SLA, LSC, and
ability to fix N) were required to contribute significant predictive capacity
beyond the information already contained in the prior. The model with the
uniform prior attained significant predictive capacity when only one trait
(leaf area) was added (Fig. 4.9b).
Comparison of λ-values For the maxent model with the highest predic-
tive capacity (i.e., the one that included leaf thickness and a more informative
neutral prior; Fig. 4.10c), species with greater leaf thickness were selected
against at all fertiliser levels (i.e., negative λ-values) and there was a non-
significant trend for this selection to become more negative under greater
fertiliser application (Fig. 4.12a). A similar pattern was obtained for SLA,
except that the trend was significant: SLA showed significantly stronger neg-
ative selection in the high fertiliser/irrigated treatment compared with the
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Figure 4.10: Results of maxent model for the 2007 vegetation cover data,
using (a) all traits except leaf thickness and a uniform prior (see Fig. 4.9a)
on arithmetic or (b) logarithmic scales (i.e., log10 (x) + 0.0001), and using
(c) all traits including leaf thickness with an informative neutral prior (see
Fig. 4.9b) on arithmetic or (d) logarithmic scales. Analyses were done using
all 32 plots and all species.∗P ≤ 0.05. The dashed lines cut both axes at a
relative abundance of 0.05 (5%).
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Figure 4.11: Results of maxent model for the 2007 vegetation cover data,
using all traits (Table 4.2), but not at all species. (a–b) Only the 35 species
corresponding to ≥ 99% of total abundance in each plot; (a) arithmetic and
(b) logarithmic (i.e., log10 (x) + 0.0001) scales. (c–d) Same, but with only
the 21 species corresponding to ≥ 90% of total abundance in each plot, or
(e–f) the 16 species corresponding to ≥ 80% of total abundance in each plot.
All analyses were done using all 32 plots, with a maximally uninformative
(i.e., uniform) prior. ∗P ≤ 0.05.
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zero-fertiliser treatment (Fig. 4.12a). Species with greater LSC and with the
ability to fix N were under positive selection at all fertiliser levels, although
this selection was significantly greater in the fertilised treatments compared
to the non-fertilised one (Fig. 4.12a). There was also a significant difference
in selection pressure for LDMC between the 50 kg ha−1 yr−1 and 500 kg ha−1
yr−1 treatments (Fig. 4.12a); the selection on LDMC was positive in the 50
kg ha−1 yr−1 treatment level, whereas it was negative at the highest fertiliser
level.
With regard to grazing intensity, species with greater leaf thickness were
more strongly selected against under lax grazing than under hard grazing
(Fig. 4.12b). Significant differences in λ-values for height were also observed,
such that species with greater height were positively selected for under lax
grazing, but were selected against under moderate and hard grazing (Fig.
4.12b). LNC was under positive selection under lax grazing but selected
against under hard grazing, and this difference was significant (Fig. 4.12b).
Significant fertiliser level × grazing intensity interactions on λ-values were
detected for leaf thickness, SLA, and LNC (Fig. 4.13). In the 500 kg ha−1
yr−1 fertiliser treatment, both leaf thickness and SLA were under significantly
greater negative selection under lax grazing than under hard grazing. At the
same fertiliser level, LNC was under positive selection under lax grazing, yet
was under negative selection under hard grazing.
4.4.4 Species Richness
There was no significant fertiliser level × grazing intensity interaction (P =
0.38) on total plant species richness at year 26 (i.e., in 2007). However,
total species richness was significantly greater (P ≤ 0.05) in non-fertilised
than in fertilised plots, the latter containing only about half the number of
species of the former (16 vs 29 species, respectively; Fig. 4.14a). Still, there
was no significant difference in total species richness among the different
fertilised treatments (Fig. 4.14a). Moreover, the number of exotic species
did not vary among all fertiliser levels (P = 0.583); instead, differences in
total species richness between non-fertilised and fertilised plots were due
to the disproportionate loss of native species with fertilisation (Fig. 4.14a).
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Figure 4.12: Boxplots showing the differences in λ-values among (a) fer-
tiliser and (b) grazing intensity treatments for the 12 traits (including leaf
thickness) used in the maxent model with the informative neutral prior (Fig
4.10c). Different letters indicate significant differences (α = 0.05) based on
post hoc Tukey HSD tests. Traits are ordered according to their importance,
based on Fig. 4.9b. See Table 4.2 for a description of the trait codings.
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sFigure 4.13: Boxplots showing the differences in λ-values among fertiliser and
grazing intensity treatments for three traits (leaf thickness, SLA, and LNC)
based on the maxent model with the informative prior (Fig 4.10c). For
each trait (row), different letters indicate significant differences (α = 0.05)
based on post hoc Tukey HSD tests. Traits are ordered according to their
importance, based on Figure 4.9b. See Table 4.2 for a description of the trait
codings.
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Figure 4.14: Plant species richness under different (a) fertiliser and (b) graz-
ing intensity treatments (year 26; 2007 vegetation cover data). Richness is
divided between native and exotic species. Different letters indicate signif-
icant (P ≤ 0.05) differences in total species richness between treatments,
following a post hoc Tukey HSD test.
Non-fertilised plots contained a significantly greater number of native species
than all other fertiliser levels, and high fertiliser/irrigated plots (i.e., those
receiving 500 kg ha−1 yr−1 of fertiliser) had significantly lower native species
richness than the 100 or 250 kg ha−1 yr−1 treatments. Figure 4.15 shows
the native and exotic species that were present under the different fertiliser
treatments.
Both total and exotic species richness were significantly greater under
moderate grazing than under lax grazing (Fig. 4.14b), whereas native species
richness did not significantly differ among grazing intensity treatments. How-
ever, differences between grazing intensity levels (Fig. 4.14b) were much
smaller than differences between fertiliser levels (Fig. 4.14a).
4.4.5 Trait Over- and Under-Dispersion
For several trait combinations as well as individual traits, high fertiliser/irri-
gated plots often showed significant under-dispersion of FRic (P ≤ 0.025,
because the main test was two-tailed; Table 4.3). For example, when all
traits were considered together, five out of six of the high fertiliser/irrigated
plots showed significant under-dispersion (P ≤ 0.025), and the sixth plot
still showed marginally significant under-dispersion (P = 0.051). Similar
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Functional richness (FRic) Functional dispersion (FDis) Functional evenness (FEve)
Fertiliser Traits Obs  Null Obs  Null Obs  Null Obs  Null Obs  Null Obs  Null
0 All 1/8 1/8
0 LNC + H 1/8
0 LNC
0 H 1/8 1/8
0 SLA
0 LDMC 1/8
0 LPC 1/6 6/8
0 LSC 1/8 2/8
0 LCC 4/8 1/8
0 LA 1/6
50 All
50 LNC + H
50 LNC
50 H
50 SLA 2/6
50 LDMC
50 LPC
50 LSC
50 LCC
50 LA
100 All 1/6
100 LNC + H 1/6
100 LNC 1/6
100 H 1/6
100 SLA 1/6
100 LDMC 1/6
100 LPC 1/6 1/6
100 LSC 1/6 1/6
100 LCC 1/6 1/6
100 LA 1/6
250 All 1/6
250 LNC + H
250 LNC
250 H 1/6
250 SLA 1/6
250 LDMC
250 LPC
250 LSC 1/6
250 LCC 1/6
250 LA
500 All 5/6 1/6
500 LNC + H 5/6
500 LNC 1/6 1/6
500 H 3/6 1/6
500 SLA 1/6
500 LDMC 4/6
500 LPC 1/6
500 LSC
500 LCC 2/6
500 LA 6/6 1/6
Table 4.3: Number of plots where functional diversity was significantly lower
or greater than the null expectation for each fertiliser level/trait(s) com-
bination. The test of no difference in trait dispersion was two-tailed with
α = 0.05, such that statistically significant over-dispersion (Obs  Null)
means that only 2.5% of the null functional diversity values were equal
or greater than the observed functional diversity metric, whereas under-
dispersion (Obs  Null) meant that 2.5% of the null values were equal or
smaller than the observed functional diversity metric. Results are shown as
fractions of the total number of plots, but only cases where at least one plot
was significantly different from the null expectation are shown. The two con-
trol plots were added to the zero-fertiliser treatment, hence the total of eight
plots for that level.
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Figure 4.15: Reduced functional richness under increasing soil resource avail-
ability (fertiliser and irrigation). (a) All species plotted in a two-dimensional
trait space defined by leaf [N] and plant height. Axes are on logarithmic
scales. Panels b–f show, for each fertiliser level, the minimum convex hulls
(polygons) that include all species within each site, a measure of functional
richness. Each polygon (with different line types) represents an individual
site. Black circles indicate native species, while grey triangles indicate exotic
species. Darker symbols in panels b–f show the species that are present in
at least one site, while lighter symbols indicate the species that are absent
from all sites.
results were obtained when only LNC and height were considered together,
and Figure 4.15 shows that these results were due to the complete loss of
species with low height and/or lower LNC in high fertiliser/irrigated plots.
For leaf area, all six plots of the highest fertiliser treatment showed significant
under-dispersion (Table 4.3). Two other traits also showed fairly consistent
under-dispersion in this same treatment: LDMC (four plots out of six) and
LNC (three plots out of six; Table 4.3).
Second, the distribution of abundance along LPC and LCC axes in plots
receiving no fertiliser was significantly more dispersed than expected (i.e.,
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Figure 4.16: Abundance-weighted leaf phosphorous concentration (LPC) dis-
tributions across the experimental treatments. Each distribution is an aver-
age of two plots (replicates). The x-axis is on a logarithmic scale.
significantly greater FDis; Table 4.3). Indeed, six out of eight zero-fertiliser
plots (including the two control plots) had significantly greater than expected
FDis for LPC, whereas four out of eight plots showed this pattern for LCC
(Table 4.3). For LPC and LCC, such over-dispersion could clearly be seen
from the abundance-weighted distributions, which showed a greater spread
in the unfertilised treatment (Figs. 4.16 and 4.17).
Deviations from Null Expectations
With the exception of the strongly right-skewed null distributions of FRic
values obtained when all traits were considered simultaneously, null distribu-
tions of functional diversity metrics per plot were reasonably symmetric, thus
enabling us to compare standardised deviations from the null expectations
(i.e., z-scores) among the different experimental treatments (Tables 4.4, 4.5).
For FRic, there was a significantly greater trend towards under-dispersion
(i.e., significantly smaller, negative standardised deviation from the null ex-
pectation) in high fertiliser/irrigated plots compared to the other fertiliser
treatments when LNC and height were considered simultaneously (Table 4.4;
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Fertiliser level
Metric Traits 0 50 100 250 500
FRic All∗ - - - - -
LNC + H −0.27± 0.23a −0.75± 0.32a −0.32± 0.38a −0.74± 0.32a −2.56± 0.23b
LNC −0.25± 0.13a −1.06± 0.25a −0.37± 0.29a −0.55± 0.28a −1.21± 0.21a
H −0.09± 0.49a −0.63± 0.31a −0.41± 0.24a −0.63± 0.31a −2.87± 0.58a
SLA −0.01± 0.19a 0.29± 0.14a 0.02± 0.31a −1.08± 0.41a −0.02± 0.33a
LDMC 0.40± 0.16a −0.34± 0.20ab 0.09± 0.42a −0.49± 0.07ab −1.67± 0.58b
LPC 0.19± 0.27a −0.18± 0.14a 0.07± 0.08a −0.06± 0.07a −0.30± 0.58a
LSC −0.44± 0.07a −0.44± 0.10a −0.25± 0.23a −0.46± 0.08a 0.03± 0.19a
LCC 0.89± 0.06a 0.00± 0.17a −0.37± 0.46a −1.31± 0.27a −1.24± 0.39a
LA 0.56± 0.37a −0.76± 0.32b −0.40± 0.23ab −0.04± 0.48ab −2.73± 0.10c
FDis All 0.03± 0.19a −0.24± 0.26a 0.16± 0.74a −0.01± 0.26a −0.23± 0.13a
LNC + H −0.07± 0.58a −0.52± 0.29a −0.60± 0.46a −0.01± 0.48a −0.90± 0.14a
LNC −0.44± 0.26a 0.21± 0.15a −0.06± 0.48a −0.09± 0.23a 0.51± 0.14a
H 0.40± 0.43a −0.48± 0.19a −0.61± 0.22a −0.05± 0.55a −1.16± 0.07a
SLA −0.00± 0.19a −1.08± 0.17a −0.75± 0.22a −0.59± 0.19a −0.61± 0.11a
LDMC 0.87± 0.23a 0.21± 0.09a −0.23± 0.49a −0.10± 0.21a 0.10± 0.11a
LPC 2.22± 0.34a −0.92± 0.25a −0.20± 0.47a −0.16± 0.49a −0.92± 0.17a
LSC 0.56± 0.55a −0.39± 0.08a −0.70± 0.19a −0.64± 0.15a 0.18± 0.21a
LCC 1.80± 0.39a −0.91± 0.13b −0.59± 0.30b −0.21± 0.30b −0.87± 0.08b
LA −0.45± 0.44a −0.89± 0.21a −0.66± 0.29a −0.25± 0.11a −0.53± 0.21a
FEve All 1.03± 0.40a −0.32± 0.32a −0.03± 0.33a 0.12± 0.50a −0.75± 0.31a
LNC + H 1.28± 0.27a −0.18± 0.25b −0.36± 0.47b −0.56± 0.54b −0.69± 0.30b
LNC 0.07± 0.27ab −0.54± 0.24ab 0.39± 0.37a 0.14± 0.32ab −0.91± 0.20b
H −0.17± 0.50a 0.06± 0.28a 0.00± 0.38a −0.19± 0.49a −0.41± 0.32a
SLA 0.44± 0.27a −0.23± 0.28a −0.52± 0.39a 0.13± 0.37a 0.49± 0.52a
LDMC 0.97± 0.13a −0.06± 0.38a 0.12± 0.45a −0.29± 0.37a −0.16± 0.24a
LPC 0.76± 0.23a −0.63± 0.28a −0.23± 0.46a −0.10± 0.50a −0.90± 0.41a
LSC 1.40± 0.33a −0.58± 0.39a 0.23± 0.43a −0.57± 0.36a −0.20± 0.38a
LCC 1.35± 0.34a −0.58± 0.33a 0.06± 0.44a −0.02± 0.52a −0.29± 0.41a
LA 0.77± 0.11a −0.08± 0.36a −0.55± 0.33a 0.02± 0.18a −0.07± 0.65a
Table 4.4: Standardised deviations (means ± SE) from null expectations
among fertiliser treatments for the different functional diversity metrics. For
each functional diversity metric/trait(s) combination (i.e., for each row), dif-
ferent superscript letters indicate significant differences (P ≤ 0.05) between
fertiliser levels. ∗Not calculated because of strong skewness in the null dis-
tributions.
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Figure 4.17: Abundance-weighted leaf carbon concentration (LCC) distribu-
tions across the experimental treatments. Each distribution is an average of
two plots (replicates). The x-axis is on a logarithmic scale.
Fig. 4.15). These trends were also reflected by the mean deviations for LNC
and height, although differences between fertiliser levels were not statistically
significant when these two traits were considered individually. A significantly
greater trend towards under-dispersion (i.e., reduced range) was found for
LDMC in high fertiliser/irrigated plots compared to plots receiving 0 or 100
kg ha−1 yr−1 of fertiliser (Table 4.4). There was also a significant trend to-
wards greater under-dispersion for leaf area in high fertiliser/irrigated plots
compared to all other fertiliser treatments, and 50 kg ha−1 yr−1 plots com-
pared to plots receiving no fertiliser (Table 4.4). With regard to grazing
intensity, LCC showed a significantly greater trend towards under-dispersion
under lax grazing than under hard grazing (Table 4.5).
For FDis, there was a significant difference in deviations between the
zero-fertiliser vs fertilised treatments for LCC, with a trend towards over-
dispersion under the zero-fertiliser but towards under-dispersion in the fer-
tilised treatments (Table 4.4). This pattern could be detected from the LCC
distributions (Fig. 4.17), which were more platikurtic in plots receiving no fer-
tiliser than among the fertilised plots. There was also a significantly greater
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Grazing intensity
Metric Traits lax moderate hard
FRic All∗ - - -
LNC + H −0.96± 0.237a −1.33± 0.19a −0.49± 0.41a
LNC −0.84± 0.14a −0.91± 0.15a −0.31± 0.28a
H −0.84± 0.52a −1.24± 0.36a −0.70± 0.43a
SLA −0.10± 0.34a −0.17± 0.23a −0.20± 0.23a
LDMC −0.22± 0.11a −0.74± 0.34a −0.24± 0.47a
LPC −0.14± 0.20a −0.01± 0.26a −0.01± 0.21a
LSC −0.39± 0.06a −0.15± 0.32a 0.05± 0.31a
LCC −0.68± 0.43a −0.39± 0.26ab −0.15± 0.34b
LA −0.84± 0.34a −0.93± 0.45a −0.25± 0.50a
FDis All −0.32± 0.40a −0.04± 0.21a 0.17± 0.19a
LNC + H −0.07± 0.58a −0.52± 0.29a −0.60± 0.46a
LNC −0.09± 0.29a −0.06± 0.19a 0.10± 0.20a
H −0.25± 0.34a −0.61± 0.25a −0.23± 0.32a
SLA −0.66± 0.17a −0.59± 0.20a −0.57± 0.16a
LDMC −0.02± 0.30a 0.32± 0.19a 0.20± 0.18a
LPC −0.23± 0.48a 0.08± 0.51a 0.15± 0.40a
LSC 0.05± 0.35a −0.26± 0.25a −0.37± 0.14a
LCC −0.44± 0.27a 0.02± 0.46a −0.04± 0.40a
LA −0.90± 0.25a −0.37± 0.16b −0.39± 0.18b
FEve All 0.56± 0.38a −0.23± 0.25a −0.29± 0.31a
LNC + H 0.26± 0.39a −0.31± 0.37a −0.25± 0.31a
LNC 0.35± 0.32a −0.44± 0.17b −0.41± 0.20b
H −0.72± 0.29a 0.10± 0.29ab 0.20± 0.22b
SLA −0.26± 0.30a 0.13± 0.24a 0.30± 0.35a
LDMC −0.04± 0.26a 0.15± 0.30a 0.24± 0.30a
LPC 0.06± 0.36a −0.37± 0.36a −0.35± 0.30a
LSC 0.05± 0.38a −0.03± 0.36a 0.15± 0.38a
LCC 0.54± 0.43a −0.07± 0.33a −0.15± 0.31a
LA 0.02± 0.22a −0.24± 0.33a 0.28± 0.36a
Table 4.5: Standardised deviations (means ± SE) from null expectations
among grazing intensity treatments for the different functional diversity met-
rics. For each functional diversity metric/trait(s) combination (i.e., for each
row), different superscript letters indicate significant differences (P ≤ 0.05)
between fertiliser levels. ∗Not calculated because of strong skewness in the
null distributions.
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Figure 4.18: Abundance-weighted leaf area (LA) distributions across the
experimental treatments. Each distribution is an average of two plots (repli-
cates). The x-axis is on a logarithmic scale.
trend towards under-dispersion for leaf area under lax grazing than under
the two higher grazing intensities (Table 4.5). Such reduced dispersion was
particularly obvious in the leaf area distributions for the 0, 50, and 100 kg
ha−1 yr−1 fertiliser treatments (Fig. 4.18).
For FEve, when LNC and height were considered simultaneously there
was a significantly greater trend towards over-dispersion in the zero-fertiliser
treatment relative to all other treatments, which actually showed trends to-
wards under-dispersion (Table 4.4). When LNC was considered individually,
there was a significant difference in deviations from the null FEve between
the 100 and 500 kg ha−1 yr−1 treatments (Table 4.4). There was also a trend
towards greater-than-expected FEve for LNC under lax grazing, while the
opposite was found at the two other grazing intensities (Table 4.4). Finally,
for height there was a trend towards lower-than-expected FEve under lax
grazing, whereas the opposite was true under hard grazing (Table 4.4).
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4.5 Discussion
The present study investigated shifts in the distribution of functional traits
in plant communities from a long–running (27-year) experiment under con-
trasting availabilities of soil resources (i.e., P/S fertiliser and irrigation) and
sheep grazing intensities after the initial sowing of a common mixture of 25
different pasture species (Scott, 1999). The focus of the investigation was
on (i) the relationship among functional traits across plant species; (ii) the
temporal dynamics of community-weighted traits across the different treat-
ments; (iii) the direction and relative strength of selection on all traits across
the different experimental treatments; and (iv) patterns of trait over- and
under-dispersion within communities.
These four aspects of this study complement each other. First, it is
necessary to explore trait inter-relationships and identify primary axes of
functional variation at the species level to understand and explain shifts in
trait distributions at the community level following environmental change
(Suding et al., 2003); such shifts in trait distributions can be summarised
by their expected trait values (i.e., community-weighted traits), thus reflect-
ing changes in plant functional composition. Community-weighted traits, in
turn, form the constraints in the maxent model, which enables us to quantify
the relative importance of different traits in determining relative abundance
(Shipley, 2010b; Sonnier et al., 2010a). Finally, exploring patterns of trait
over- and under-dispersion can provide insights on the nature of assembly
processes and mechanisms of species coexistence within communities (May-
field and Levine, 2010). Each of these aspects are discussed separately in the
following sections.
4.5.1 Relationships among Species Traits
Plant species were differentiated along two major axes of functional variation.
The first and most important axis was mainly driven by LNC, LSC, SLA,
LDMC, and to a lesser extent LPC. This axis represents the fundamental
trade-off between traits that promote rapid growth and those that promote
persistence (Chapin, 1980; Lambers and Poorter, 1992; Herms and Mattson,
1992; Aerts, 1995; Reich et al., 1997; Aerts and Chapin, 2000; Grime, 2002).
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This nutrient acquisition–conservation trade-off has been identified as a pri-
mary axis of functional variation among species, both when several traits
were compared across fewer species (Grime et al., 1997; Adler et al., 2004)
and when fewer traits were compared across many species (Reich et al., 1997;
Díaz et al., 2004; Wright et al., 2004). This axis separates competitors (C)
and ruderals (R) from stress-tolerators (S) in Grime’s (1974) CSR ecolog-
ical strategy model, and is also one of the three axes in Westoby’s (1998)
leaf-height-seed (LHS) ecological strategy scheme.
Physiological reasons can explain why LNC, LSC, SLA, and LPC are as-
sociated with relative growth rate. Because photosynthetic enzymes account
for > 50% of leaf N, LNC strongly controls photosynthetic rate, which itself
is an important component of relative growth rate (Lambers et al., 2008a).
S is an important component of proteins and other organic compounds, and
plant requirements are tightly linked to growth rate (Hawkesford, 2007).
SLA is correlated to relative growth rate (Poorter and Remkes, 1990; Gar-
nier, 1992) because it expresses the area available for light interception per
unit leaf dry mass, thus influencing photosynthetic rate (Dijkstra and Lam-
bers, 1989); however, a meta-analysis showed that the relative importance
of SLA vs that of net assimilation rate (correlated with photosynthetic rate)
decreases as light intensity increases (Shipley, 2006). Finally, LPC is linked
to relative growth rate because greater investments in P-rich ribosomes and
rRNA are required to sustain rapid growth (Elser et al., 1996).
Although greater LNC, SLA, and LPC generally lead to higher relative
growth rate, they are also associated with shorter leaf lifespan (Reich et al.,
1992). On the other hand, LDMC, which depends on leaf density (Garnier
and Laurent, 1994), is negatively correlated to relative growth rate (Gar-
nier, 1992; Poorter and Bergkotte, 1992; Garnier et al., 1999) because higher
leaf density results in smaller tissue volume and correspondingly low leaf
area per unit dry mass (Ryser and Lambers, 1995; Ryser and Aeschlimann,
1999), unless compensated for by a reduction in leaf thickness. However,
higher leaf density (and thus higher LDMC) leads to longer leaf lifespan
(Ryser, 1996), presumably because it reflects a greater investment in scle-
renchyma and vascular tissues (Dijkstra and Lambers, 1989; Garnier and
Laurent, 1994; Van Arendonk and Poorter, 1994). Consequently, the trait
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inter-relationships among the species found in this study provide further sup-
port for the proposition that the nutrient acquisition–conservation trade-off
(Chapin, 1980; Lambers and Poorter, 1992; Aerts and Chapin, 2000) repre-
sents a fundamental axis of functional variation among plant species (Díaz
et al., 2004; Wright et al., 2004; Laughlin et al., 2010).
Along this nutrient acquisition–conservation axis, native species in this
study were functionally distinct from exotic species, with exotic species ex-
hibiting a rapid-growth trait syndrome, while the reverse was true for natives.
These results are consistent with those from a recent global meta-analysis
comparing leaf traits among co-occurring exotic and native species, where
exotic species were positioned further along the acquisition–conservation axis
towards a faster-growth strategy (Leishman et al., 2007). The difference in
leaf traits between native and exotic species observed in this study may be
partly explained by the fact that all sown species at the start of the exper-
iment were exotic species which had been selected based on their potential
suitability as pasture species, of which high intrinsic growth rate is a key
characteristic. Other studies that compared co-occurring herbaceous native
and exotic species in New Zealand grasslands also found that exotic species
had faster intrinsic growth rates compared with native ones (Scott, 1970;
King and Wilson, 2006) or possessed leaf and root attributes associated with
faster growth rates (Craine and Lee, 2003). This may reflect the particu-
lar evolutionary history of New Zealand grasslands, which prior to human
settlement were confined to sites with marginal environmental conditions
(McGlone, 2001).
The second major axis of functional variation among species was best
represented by plant height, a result similar to that of Díaz et al. (2004)
and Adler et al. (2004). Plant height is an important aspect of compet-
itive ability (Grime, 1977; Gaudet and Keddy, 1988) when competition is
primarily for light (Aerts, 1999). However, while taller species may be able
to capture a greater proportion of light resources, frequent and/or intense
disturbances can remove a disproportionate amount of their biomass relative
to shorter species, putting them at a disadvantage (Grime, 2002). There-
fore, allocation of aboveground biomass to occupy vertical space reflects
another trade-off in plant functional variation that is influenced by distur-
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bance frequency/intensity, and which is largely independent of the nutrient
acquisition–conservation trade-off (Westoby, 1998; Grime, 2002; Díaz et al.,
2004). Unlike the first principal component, there was no clear distinction
between native and exotic species in this study along the second principal
component, although the shortest species were primarily native.
4.5.2 Shifts in Community-Weighted Traits
Responses to Fertilisation
The first five years of the experiment were characterised by rapid shifts in
community-weighted traits that reflected changes from more conservative
nutrient economy strategies (lower SLAcw, LNCcw, LPCcw, and LSCcw, but
higher LDMCcw) to more acquisitive strategies at all fertiliser levels, with
the trend most pronounced in the high fertiliser/irrigated treatment. These
initial rapid shifts in community-weighted traits at all fertiliser levels were
linked to marked increases in the relative abundance of species with N-fixing
ability possessing leaf attributes associated with rapid growth, namely L.
polyphyllus and clovers (Trifolium spp.). The increase in L. polyphyllus was
particularly important in the dryland fertilised treatments (50, 100, and 250
kg ha−1 yr−1), and to a lesser extent in the zero-fertiliser treatment, but not
in the high fertiliser/irrigated treatment. On the other hand, clovers became
largely dominant in the high fertiliser/irrigated treatment (although there
was a shift in time from T. repens to T. ambiguum; Scott, 2007), but were
less important in the dryland fertilised treatments. Since the fertiliser used in
this study was sulphur-enriched superphosphate (i.e., a P/S fertilizer typical
of legume-based pasture systems in Australia and New Zealand; Walker et al.,
1955; Ludecke, 1962; Scott, 1999), the rapid increase in these N-fixing species
in fertilised treatments can be explained by the strong dependency of N-
fixation on P (Israel, 1987; Schulze et al., 1999; Olivera et al., 2004) and S
(Walker et al., 1955; Scherer and Lange, 1996; Krusell et al., 2005; Varin
et al., 2010), at least for crop legume species (Sprent, 1999). On the other
hand, the initial rapid increase in the relative abundance of L. polyphyllus in
the zero-fertiliser treatment may be partly due to this species exhibiting the
same P acquisition strategy as congeneric L. angustifolius, which can release
103
large amounts of carboxylates through root exudation to solubilize P when
it is deficient (Hocking and Jeffery, 2004).
Five years after the start of the experiment, decreases in SLAcw and
LNCcw, and increases in LDMCcw, were observed at all fertiliser levels,
particularly at the highest one. SLAcw, arguably the community-weighted
trait that best reflects community-weighted intrinsic relative growth rate,
decreased markedly, particularly in the high fertiliser/irrigated treatment.
As a result, all treatments receiving fertiliser converged to a similar value
(∼ 20 m2 kg−1) at about year 15 and remained stable thereafter. These
shifts stemmed from an increase in the relative abundance of grasses at the
expense of the N-fixing species. One possible explanation for this pattern
is that the build-up of soil N from N-fixing species, which was strongly de-
pendent on fertiliser rate, coupled with ongoing sheep grazing pressure (and
associated trampling), may have gradually favoured grasses over N-fixing
species.
After its short-term (i.e., 0–5 year) rapid increase, SLAagg in the zero-
fertiliser treatment progressively decreased and eventually came back to its
initial low value of ∼ 12 m2 kg−1. In fact, in the zero-fertiliser treatment
all other leaf traits that were tightly related to leaf nutrient economy (i.e.,
LNCcw, LPCcw, LSCcw, and LDMCcw) also progressively reverted back to
their original values, although this was a gradual process that occurred over
a period of about 20 years. The rapid initial shift to a more nutrient-
acquisitive, rapid-growth strategy (e.g., higher SLAcw, LNCcw, LPCcw, and
LSCcw, but lower LDMCcw) in the zero-fertiliser treatment was associated
with marked increases in the relative abundance of L. polyphyllus, and, to a
lesser extent, clovers.
The gradual return of the zero-fertiliser treatment towards its initial com-
munity-weighted trait values (e.g., low SLAcw) supports the idea that nutri-
ent limitation gives a long-term advantage to species with attributes that
limit nutrient losses to herbivory and other stresses (Chapin, 1980; Ryser,
1996; Aerts and Chapin, 2000; Grime, 2002). Such attributes reduce growth
rate (Lambers and Poorter, 1992; Ryser and Lambers, 1995), but can also
lower acceptability to sheep (as evidenced by the gradual decrease in ac-
ceptability to sheep in the zero-fertiliser treatment after its initial peak) and
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reduce nutrient losses by a slower tissue turnover rate. This interpretation
is in line with microcosm experiments that showed how fast-growing plant
species out-compete slow-growing ones under low-fertility conditions in the
absence of generalist herbivores, but that the reverse is true when herbivores
are present (Fraser and Grime, 1999; Buckland and Grime, 2000). As a re-
sult, 26 years after the start of the experiment, there was a large difference
between the zero-fertiliser treatment and all other fertiliser levels for some
community-weighted traits related to nutrient economy (i.e., SLAcw, LSCcw,
LNCcw), yet there were no differences among the treatments that received
fertiliser (i.e., 50, 100, 250, and 500 kg ha−1 yr−1). All treatments that re-
ceived fertiliser were dominated by exotic grasses and clovers, whereas the
zero-fertiliser treatment, though briefly having a component of sown species,
returned back more or less to its original composition, albeit with the addi-
tion of some exotic grasses and L. polyphyllus.
Responses to Grazing Intensity
Compared to the large effects of soil resource availability on community-
weighted traits, relative grazing intensity had much subtler effects, but these
became more apparent with time. After 26 years, Hcw was greater under lax
grazing than under moderate or hard grazing. This pattern agrees with a
recent global analysis of plant trait responses to grazing (Díaz et al., 2007c)
and supports the general idea that lower disturbance intensity/frequency
favours attributes that increase competitive ability, such as greater plant
height (Westoby, 1998; Bullock et al., 2001; Grime, 2002). For example, in
French sub-alpine grasslands, Quétier et al. (2007b) found that Hcw increased
following conversion from mowing (which they consider a more intense dis-
turbance) to grazing (a less intense one). Similarly, Louault et al. (2005)
showed that Hcw was greater under lower herbage use (i.e., sheep grazing)
than moderate or higher herbage use (i.e., more intense grazing and cutting).
Given that the differences in disturbance regimes in these previous two stud-
ies were much more contrasted (and of a different nature, i.e., mowing vs
grazing) than the relative grazing intensities used in the present study, it is
noteworthy that differences in Hcw were still detected.
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Higher grazing intensity led to greater LNCcw, LPCcw, LSCcw, and lower
LDMCcw, suggesting that species with traits associated with a rapid-growth
strategy become more prevalent under higher grazing intensity. The preva-
lence of such a grazing-tolerant strategy under more intense grazing has also
been reported elsewhere (Cingolani et al., 2005; Cruz et al., 2010). Westoby
(1999) suggested that low-intensity, selective grazing should favour slower-
growing, less palatable plants (grazing avoidance), whereas hard non-selective
grazing should favour faster-growing, more palatable plants (grazing toler-
ance). Since all plots used in this study were “mob-grazed” (i.e., a large
number of sheep were introduced to plots for 3–4 days), these results sup-
port Westoby’s (1999) suggestion. However, in the high fertiliser/irrigated
treatment LPCcw and LSCcw were significantly greater under hard grazing
than under lax grazing. These significant fertiliser × grazing interactions
support the resource availability model (Coley et al., 1985), which predicts
that a rapid-growth, grazing-tolerant strategy, becomes more advantageous
under greater resource availability.
4.5.3 Selective Advantage of Traits
Despite providing some insights, testing for differences in community-weighted
traits does not inform us on the direction of selection exerted on particular
traits (e.g., does greater SLA lead to greater relative abundance?), nor on
the relative strength of selection (e.g., is a higher SLA more important under
some environmental conditions than others?). This is because the direction
and strength of selection must be defined by reference to the entire pool
of species that could potentially colonise a site, including those that did
not successfully establish (Shipley, 2010b). For example, sites with higher
soil resource availability could show higher SLAcw, yet the direction of se-
lection on SLA could still be negative if the majority of species from the
regional pool had very large SLA values and if these species were absent or
present only at very low abundance in these sites. Moreover, SLAcw would
be a constraint to community assembly, rather than simply a consequence of
community assembly, only if the relative abundances that are predicted in
its presence in the model differ from those that are predicted in its absence
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(Shipley, 2010b,a). For instance, particular values of SLAcw may not reflect
constraints on community assembly but instead simply arise from correla-
tions with other important constraints, such as LNCcw. On the other hand,
the parameters of the maxent model (i.e., the λ-values) can be directly used
to quantify the direction and relative strength of selection on different traits
during community assembly (Sonnier et al., 2010a).
Prediction of Relative Abundances
The initial motivation for using the maxent model to community assembly
was not to predict species abundances (e.g., Shipley et al., 2006b; Sonnier
et al., 2010b; Mokany and Roxburgh, 2010), but instead to compare the λ-
values of the maxent model among experimental treatments (Sonnier et al.,
2010a). That said, for the λ-values to be meaningful, the model must first be
able to predict accurately the observed relative abundances. Using all traits
except leaf thickness and a uniform prior, 66% of the variation in the relative
abundances of the 51 species from the regional pool over 32 plots could be
explained. This value is substantially less than the first empirical application
of the model, which predicted 96% of the variation in the relative abundances
of 30 species from 12 plots, using 8 traits and a uniform prior (Shipley et al.,
2006b). One potential explanation for this poorer fit is simply that the
community-weighted traits used in this study reflect weaker constraints over
community assembly. However, Shipley et al. (2006b) used a subset of species
from the regional pool, excluding very rare ones, whereas complete botanical
surveys, and associated trait data for all species, were used in this study.
Reducing the number of rarer species increased the predictive capacity of the
maxent models. This suggests that the relative abundances of rarer species
are only weakly determined by the traits included in the model. Recently,
it has been pointed out that the influence of incomplete surveys and missing
species on the predictive capacity of maxent is as yet unknown (He, 2010);
these results indicate that this effect can be large. Since the measure of
relative abundance used in this study, based on visual cover estimates, is
necessarily less precise than actual biomass estimates, this lower precision
also likely contributed to the remaining lack of fit in the models.
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Relative Importance of Traits across Treatments
In an effort to increase to predictive capacity of the full maxent model that
included all species, a more informative neutral prior was used. In addition,
leaf thickness was added as a trait in the model because this trait can vary
independently of LDMC or SLA along environmental gradients (Witkowski
and Lamont, 1991). This more complex model had much greater predictive
capacity, explaining 93% of the variation in relative abundances in all species
from all plots even when the rarest species were included, and was used to
compare its λ-values across experimental treatments.
In this model, selection on SLA became increasingly negative (i.e., species
with larger SLA values were less abundant, holding other traits constant) as
soil resource availability increased, although differences were only statisti-
cally significant between the zero-fertiliser and the high fertiliser/irrigated
treatments. This contrasted sharply with the marked and highly significant
increase in SLAcw following fertiliser addition. However, because λ-values
reflect the selective pressure on single traits after taking into account other
traits included in the model, the results for SLA need be interpreted ac-
cordingly, particularly since SLA is a product of leaf thickness and LDMC
(Witkowski and Lamont, 1991; Vile et al., 2005). First, there was a trend for
leaf thickness to be less negatively selected against under greater soil resource
addition, although differences between fertiliser levels were not significant.
However, given the similarity of the patterns found for leaf thickness and
SLA (for which significant differences between fertiliser levels were found),
and the clear monotonic decrease in λ-values for leaf thickness with fertiliser
rate, the inability to reject the null hypothesis for leaf thickness likely re-
flects more the lower statistical power for tests of a whole plot factor (here,
fertiliser level) in a split-plot design (Gotelli and Ellison, 2004) than a true
null hypothesis. Second, selection on LDMC was absent across all fertiliser
treatments with the exception of the 50 kg ha−1 yr−1 treatment, where selec-
tion was positive. Therefore, one possible interpretation for these results was
that although species with increasingly thinner leaves were selected for un-
der greater soil resource availability, further increasing SLA of thinner leaves
was selected against because this can only arise through a lower LDMC. A
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lower LDMC may be disadvantageous under grazing, since a greater invest-
ment in cell wall material (and thus greater LDMC) can confer resistance
against trampling (Lambers et al., 2008a). While lower leaf thickness can
increase the rate of CO2 diffusion inside the leaf (Syversten et al., 1995),
thus potentially promoting photosynthesis, it seems unlikely that this alone
can explain the selective advantage of lower leaf thickness under greater soil
resource availability. Rather, it may be interpreted as a way to maximise
SLA (and thus maximise light interception per unit leaf dry mass) without
sacrificing LDMC (and thus maintain leaf structural defenses). In French
grasslands, Sonnier et al. (2010a) have also observed such a parallel selec-
tion for species with thin but dense leaves in fertilised and grazed grasslands.
Whether this might represent a general strategy for plant survival in fertile
grasslands under grazing requires further study.
The ability to symbiotically fix atmospheric N conferred greater fitness
in all treatments that received fertiliser, whereas selection on this trait was
absent in the zero-fertiliser treatment. Similarly, the selection on LSC in
fertilised treatments was positive, whereas it was absent in the zero-fertiliser
treatment. These results agree with the patterns that were found for NFcw
and for LSCcw. Remembering that the fertiliser applied was S-enriched su-
perphosphate (i.e., a P/S fertiliser), the interpretations thus remain similar
to those put forward for the patterns in community-weighted traits. First,
N is a crucial element for photosynthetic enzymes and thus strongly controls
photosynthetic rates (Lambers et al., 2008a), and N enters natural ecosys-
tems predominantly through fixation of atmospheric N (Chapin et al., 2002).
However, since N fixation strongly depends on P (Israel, 1987; Schulze et al.,
1999; Olivera et al., 2004) and S (Scherer and Lange, 1996; Krusell et al.,
2005; Varin et al., 2010), at least in crop legume species (Sprent, 1999),
this may explain why this trait conferred greater fitness only in the pres-
ence of the P/S fertiliser. Second, higher soil resource availability favours
a rapid-growth, nutrient-acquisitive strategy (Aerts and Chapin, 2000), and
greater LSC is associated with faster growth because of the importance of S
in proteins and other organic compounds (Hawkesford, 2007). Sulphur (S)
deficiency is widespread in many areas of New Zealand, especially in drier
inland areas (Walker and Gregg, 1975), and S is a key limiting nutrient to
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pasture growth in the study area (Douglas and Risk, 1981; Scott, 2000f).
Assuming that greater LSC reflects a greater capacity for S uptake, this may
explain why LSC conferred greater fitness as S availability increases in fer-
tilised treatments. On the other hand, under low S availability it may be
more advantageous to conserve acquired S through greater constitutive de-
fenses (e.g., lower SLA and/or higher LDMC, which would “dilute” LSC),
and this may explain why selection on LSC was absent in this treatment.
There was only a weak positive selection for LPC and no selection for LNC
at all fertiliser levels, but this probably reflected the fact that all three traits
were highly positively correlated between species, such that greater LPC
or LNC conferred little additional benefit once LSC (and other traits) was
taken into account. As shown before with leaf thickness, SLA, and LDMC,
this highlights the importance of considering covariation between traits when
interpreting the direction and strength of λ-values (Shipley, 2010b; Sonnier
et al., 2010a).
Greater plant height conferred greater fitness under lower grazing inten-
sity than under moderate or hard grazing, where selection on height was
actually negative. This was consistent with the results found for Hagg. A
likely explanation is that under higher disturbance intensity/frequency, taller
species lose a disproportionate amount of their aboveground biomass relative
to shorter ones, whereas lower disturbance intensity/frequency can favour
taller species because greater height is associated with greater competitive
ability (Westoby, 1998; Bullock et al., 2001; Grime, 2002), at least when
competition is primarily for light (Aerts, 1999). Greater LNC also conferred
greater fitness under lower than harder grazing intensity, and greater leaf
thickness was less negatively selected against under harder than lower graz-
ing. Together, these results point towards a positive selection for tall species
with a rapid-growth strategy (through higher LNC and thinner leaves), which
fits well with the competitor strategy of Grime (1974). However, it must be
noted that this contradicts the results found for community-weighted traits,
where higher grazing intensity led to significantly greater LNCagg, LPCagg,
LSCagg, and lower LDMCagg (Fig. 4.7). This illustrates that there is not al-
ways a direct link between community-weighted traits, which are computed
only from the species that are actually present at a site, and the λ-values of
110
the maxent model, which represent the direction and strength of selection on
the entire available pool of species, including those that have already been
excluded from the local community (Shipley, 2010b).
Model Parsimony
Can we identify a parsimonious set of traits that are most important in
driving community assembly? To try and answer this question, a simple
backward selection procedure was used, where traits with the smallest ab-
solute average λ-values across all plots were progressively removed from the
models. This approach suffers from many of the same drawbacks as standard
forward or backward stepwise approaches to variable selection in regression
models. For example, not all model subsets can be tested, and high collinear-
ity between traits can lead to unstable solutions (Shipley, 2010b). However,
no alternatives are currently available for selection of maxent models, and
only forward or backward stepwise approaches have been used so far (Shipley,
2010b; Mokany and Roxburgh, 2010; Sonnier et al., 2010a). Despite the limi-
tations of the backward stepwise approach, it was clear that some traits such
as LCC and lifespan were never important constraints to community assem-
bly in these grasslands, and could be omitted in future studies of grassland
responses to fertilisation and/or grazing. The irrelevance of LCC to com-
munity assembly in grazed French grasslands under contrasting fertiliser and
grazing intensity regimes was also noted by Sonnier et al. (2010a). Second,
LSC was always more important than LPC, which may reflect the limiting
nature of S in these grasslands (Douglas and Risk, 1981; Scott, 2000f). Third,
the maxent model without leaf thickness increased the importance of LNC
and LDMC, two traits that were also found to be important by Sonnier et al.
(2010a). On the other hand, in the other models that included leaf thickness,
LDMC and LNC became unimportant, while correlated traits such as SLA
and LSC became more important. This illustrates the difficulty of getting
stable estimates λ-values when relatively high collinearity among traits is
present (Shipley, 2010b). Consequently, the development of more sophisti-
cated procedures for trait selection in maxent models is an important area
for future research. Nevertheless, although achieving model parsimony is a
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worthwhile goal, it is questionable whether the maxent model could achieve
accurate predictions of species relative abundances with very few traits, since
some have argued that species coexist in communities because they differ
functionally from each other in many dimensions (Clark et al., 2007).
4.5.4 Trait Over- and Under-Dispersion
In the previous sections, the focus was on how trait-based community as-
sembly across different environmental conditions is associated with shifts in
community-weighted traits (i.e., trait means), and whether these trait means
reflect constraints to community assembly. However, trait-based habitat fil-
tering during community assembly does not only affect the means of trait
distributions but also their dispersion or spread (Weiher and Keddy, 1995;
Kraft et al., 2008; Cornwell and Ackerly, 2009; Webb et al., 2010). To reiter-
ate, trait over-dispersion is defined here as an observed functional diversity
metric that is greater than the null expectation from an abundance-based
null model of random community assembly, whereas trait under-dispersion
is less than the null expectation.
Trait Under-Dispersion under High Soil Resource Availability
There was strong evidence for trait under-dispersion at the highest level of
soil resource availability (i.e., high fertiliser/irrigated treatment). In those
plant communities, multivariate trait volumes were much smaller than ex-
pected under a null random model, indicating that community membership
was restricted to a reduced subset of ecological strategies relative to those
found across the entire species pool. This result held when only LNC and
height (the two traits that best expressed the first two principal compo-
nents) were considered, and was also found for some individual traits (i.e.,
LDMC, LNC, leaf area). The strong trait under-dispersion in the high fer-
tiliser/irrigated treatment was largely due to the disappearance of (i) all
short, slow-growing (i.e., low LNC) native species; (ii) Hieracium pilosella,
the short exotic species with moderately high LNC that dominated all plots
prior to the start of the experiment; and (iii) Festuca novae-zelandiae and
Poa colensoi, two relatively tall native tussock grass species with traits asso-
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ciated with slow growth rates.
In trait-based community assembly analyses, a restricted range (or re-
stricted multivariate volume) in functional attributes has generally been at-
tributed to abiotic environmental filtering, whereby unusually stressful abi-
otic conditions only allow species with evolved tolerances to these conditions
to persist in the community (van der Valk, 1981; Weiher and Keddy, 1995;
Weiher et al., 1998; Cornwell et al., 2006; Kraft et al., 2008; Cornwell and
Ackerly, 2009; Ingram and Shurin, 2009). However, given that strong under-
dispersion was observed in the treatment with the most favourable condi-
tions for plant growth (i.e., highest fertiliser input and irrigation), this in-
terpretation seems unlikely. Rather, such under-dispersion probably resulted
from asymmetric competition for soil resources from faster-growing species,
leading to the competitive exclusion of plant species with inherently slower
growth, particularly those of short stature (with associated small leaves).
Similarly, Mayfield and Levine (2010) have argued that competitive exclu-
sion can lead to trait under-dispersion when species differences in competitive
ability overcome niche differences.
Trait Over-Dispersion under Low Soil Resource Availability
In contrast to the restricted range in trait values and multivariate trait vol-
umes found under the treatment with the greatest availability of soil re-
sources, there was strong evidence for trait over-dispersion under the lowest
soil resource availability. Indeed, in the zero-fertiliser treatment, abundance
was over-dispersed along LPC and LCC axes (i.e., greater than expected
FDis), and it was also more evenly spread than the other fertiliser treat-
ments in a two-dimensional trait volume composed of LNC and height (i.e.,
greater than expected FEve). The percent cover data indicated that the ob-
served over-dispersion could be explained by the relatively equal representa-
tion of the following groups of species, with contrasting ecological strategies:
(i) H. pilosella, a species with moderately high leaf nutrient concentrations
and SLA, and with relatively high acceptability to sheep but not heavily
grazed due its prostrate growth form; (ii) exotic grasses, generally with mod-
erately high leaf nutrient concentrations but with greater height than H.
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pilosella (thus being more available to sheep); (iii), the two native tussock
grass species F. novae-zelandiae and P. colensoi, with low nutrient concen-
trations and SLA, high LDMC, and low acceptability to sheep, but relatively
high height; and (iv) other species, mostly of small stature and with leaf
attributes associated with slow growth, and largely uneaten by sheep.
Trait over-dispersion in plant communities has generally been interpreted
as evidence for the dominant role of competitive interactions in structur-
ing communities (Weiher and Keddy, 1995; Weiher et al., 1998; Stubbs and
Wilson, 2004), whereby strong competition for resources entails limiting sim-
ilarity with respect to strategies of resource acquisition and use (MacArthur
and Levins, 1967). This interpretation may seem at odds with the view that
competition intensity decreases with lower productivity and becomes rela-
tively unimportant for community assembly in nutrient-poor environments
(Grime, 2002). However, this view may be reconciled if we accept that the
intensity of competition is not necessarily related to its importance in struc-
turing communities (Welden and Slauson, 1986; Aerts, 1999). The observed
trait over-dispersion under the lowest soil resource availability may occur
precisely because competition is important but not intense, such that it pro-
motes the coexistence of alternative designs of approximately equal fitness
(Chesson, 2000; Marks and Lechowicz, 2006) for acquiring nutrients and re-
ducing their loss to grazing, with no particular strategy strongly outperform-
ing the others. This view is supported by the fact that few traits stood out
as having large absolute λ-values in the zero-fertiliser treatment compared
to the other fertiliser levels. This contrasts sharply with the strong under-
dispersion observed under the highest soil resource availability due to the
competitive exclusion of species with a nutrient-conservation strategy, and
to community-wide convergence towards a rapid-growth strategy.
Trait Dispersion and Species Coexistence
Exploring shifts in the dispersion of trait distributions may help to explain
why some communities sustain more species than others. For example, it has
been hypothesised that a greater number of limiting resources allows more
opportunities for trade-offs between mechanisms of resource-acquisition, thus
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allowing a greater number of species to coexist (Tilman, 1988; Harpole and
Tilman, 2007). Assuming that the traits used are proxies reflecting overall
strategies of resource acquisition, a greater number of resource acquisition
strategies within a community should be reflected by a greater functional
trait volume. Consistent with this hypothesis, functional trait volumes de-
creased sharply with fertiliser addition, and were smallest in the high fer-
tiliser/irrigated treatment. These decreases in trait volumes were associated
with decreasing species richness, except in the high fertiliser/irrigated treat-
ment, where species richness was similar to the other fertilised treatments
despite showing smaller than expected trait volumes. This may haven arisen
because the species pool was augmented with fast-growing species through
sowing at the start of the experiment, as several of these species were located
within the trait volumes of the high fertiliser/irrigated treatment. In addi-
tion, the high fertiliser/irrigated treatment sustained the highest net sheep
grazing days achieved because of its highest plant production (results not
shown), and grazing by large mammalian herbivores can increase plant di-
versity by suppressing competitively dominant (i.e., taller) species (Olff and
Ritchie, 1998). This latter point may also partly explain why there was a
small but significant overall decrease in plant species richness under the low-
est grazing intensity compared to the other two grazing intensities, which
is consistent with the view that low disturbance frequency or intensity can
promote competitive exclusion and decrease species richness (Grime, 1973).
Weiher et al. (1998) suggested that among plant communities, the sizes
of functional trait volumes should stay relatively constant, such that they
would not scale positively with plant species richness. However, they argued
that increasing soil resource availability would increase competition intensity,
which in turn would increase the mean distance between neighbouring species
in trait space. If functional trait volumes are constant, they concluded that
this would necessarily reduce the number of species that can coexist in the
community (Weiher et al., 1998). Contrary to their hypothesis, functional
volumes did scale with species richness in this study. Strong competition
intensity at the highest soil resource availability did not lead to trait over-
dispersion due to limiting similarity, but instead led to markedly smaller
trait volumes because of the competitive exclusion of particular strategies.
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On the other hand, low soil resource availability led to greater trait volumes
(and corresponding higher species richness), yet abundance was markedly
over-dispersed along particular functional axes, a signature of limiting simi-
larity. These results therefore suggest that limiting similarity may be partic-
ularly important in determining community structure and species richness in
low-resource environments, where competition is important but not intense,
whereas in high-resource environments greater competition intensity may ex-
clude those species with traits that do not confer high competitive ability,
thus potentially reducing species richness.
4.6 Conclusions
By experimental additions to the plant species pool, manipulation of soil re-
source availability and grazing intensity, and long-term (27-year) monitoring
of shifts in trait distributions across experimental treatments, insights into
some of the key questions in trait-based research were obtained. First, the
results provide further support for the importance of the nutrient acquisition–
conservation trade-off as a primary axis of functional variation among plant
species (Grime et al., 1997; Díaz et al., 2004; Wright et al., 2004), and for
the presence of differences between native and exotic species along that axis
(Leishman et al., 2007). Second, this study provides long-term experimental
support for the hypothesis that slow-growing species become dominant under
nutrient-poor environments because they hold a long-term advantage through
leaf attributes that reduce nutrient losses (Chapin, 1980; Ryser, 1996; Aerts
and Chapin, 2000; Grime, 2002). Third, the relative abundances of plant
species from a common initial species pool were strongly influenced by func-
tional traits across all experimental treatments, highlighting the importance
of traits in determining relative abundance (Shipley et al., 2006b; Shipley,
2010b; Cornwell and Ackerly, 2010). Fourth, the direction and strength of
selection on particular traits shifted with soil resource availability and sheep
grazing intensity (Sonnier et al., 2010a), showing how different trait-based
filters act under different environmental conditions. Finally, high soil re-
source availability led to strong trait under-dispersion due to competitive
exclusion, whereas low soil resource availability led to trait over-dispersion
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due to limiting similarity. This challenges previous interpretations that trait
under-dispersion should be more prevalent under increasing environmental
stress, whereas limiting similarity should be more important in productive
environments where competition intensity is greatest (Weiher and Keddy,
1995; Weiher et al., 1998).
This study combined analytical approaches that have generally been used
in isolation in trait-based community assembly research, namely: (i) the
study of patterns in community-weighted traits along environmental gradi-
ents (e.g., Louault et al., 2005; Quétier et al., 2007b; Garnier et al., 2007; Díaz
et al., 2007a; Gross et al., 2008); (ii) the use of null models to test for trait
over- or under-dispersion (e.g., Stubbs and Wilson, 2004; Cornwell et al.,
2006; Kraft et al., 2008; Cornwell and Ackerly, 2009; Ingram and Shurin,
2009); and (iii) the use of maxent models to predict species abundances at
local communities (e.g., Shipley et al., 2006b; Sonnier et al., 2010b; Mokany
and Roxburgh, 2010) and to compare selective advatange of different traits
across different environments (Sonnier et al., 2010a). These approaches are
complementary and would benefit from being integrated more tightly in fu-
ture studies. First, community-weighted traits represent the constraints to
community assembly in maxent models (Shipley, 2010a), and prediction of
expected values of trait distributions across space and time is a promising
avenue for predicting feedbacks on ecosystem function (Webb et al., 2010)
and community structure (Shipley et al., 2006b; Shipley, 2010b). Second,
exploring patterns of trait dispersion can provide insights on how biotic in-
teractions influence community assembly (Gross et al., 2009). If the variance
of trait distributions were to vary predictably along environmental gradi-
ents, the predictive capacity of the maxent model could be enhanced since
constraints on trait variances can be easily specified in the model (Shipley,
2010b). Consequently, using constraints on trait means and variances in
conjunction with informative “neutral” priors in maxent models may offer a
coherent methodological framework for assessing the relative importance of
traits, biotic interactions, and propagule pressure in determining the relative
abundances of species at local communities.
Some limitations of this study also highlight future challenges for trait-
based community assembly research. First, the focus was largely on above-
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ground functional traits, primarily because of their ease of measurement, yet
belowground traits (e.g., specific root length, average rooting depth, pres-
ence of specialized root structures) could be very important in determining
community structure, especially in nutrient-poor soils (Aerts, 1999; Lambers
et al., 2008b). Chemical traits involved in defence against herbivores could
also be important (e.g., Funk and Throop, 2010) but have been neglected in
trait-based community assembly research. Second, several of the traits used
were strongly inter-correlated, which led to unstable solutions in the selec-
tion procedure for maxent models and also complicated interpretation. As
a result, future studies should aim at measuring traits that reflect as many
independent axes of functional variation as possible. Lastly, there is a clear
need to develop better model selection approaches for maxent models than
the simple stepwise procedure used in this study (He, 2010).
Despite these limitations, this study suggests a way forward to understand
and describe changes in plant species composition and diversity under land-
use change in grazing systems (Chapin et al., 2000). This is crucial because
land-use change is expected to be the single most important driver of changes
in biodiversity worldwide for this next century (Sala et al., 2000). In partic-
ular, pastures and rangelands cover 25% of the ice-free surface of the Earth
(Asner et al., 2004) and are expected to undergo rapid intensification (Bouw-
man et al., 2005) to meet the forecasted doubling in global food demand by
2050 (Alexandratos, 1999), and increased demand for meat from developing
countries in particular (FAO, 2005). In that regard, this study highlights
the importance of considering species functional differences to understand
how plant communities react to increases in soil resource availability and
increasing intensity and frequency of biomass removal, two important and
often inseparable components of land-use change.
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Chapter V
Cascading Effects of Long-Term Land-Use Changes on
Plant Traits and Ecosystem Functioning1
5.1 Summary
Land-use changes alter ecosystems worldwide, yet such changes have been
largely ignored in biodiversity-ecosystem function experiments. In this Chap-
ter, it is shown that long-term (27-year), realistic manipulations of soil re-
source availability and grazing intensity in grasslands cause shifts in plant
functional composition and diversity, with cascading effects on multiple ecosys-
tem processes. Resource availability exerted dominant control over above-
ground production and decomposition, both directly and indirectly via plant
trait shifts. Importantly, increasing resource availability moderated the im-
pacts of grazing intensity and plant functional diversity on these processes,
shifting them both from negative to positive. These changes in turn altered
soil respiration and soil carbon sequestration. This study reveals that human
changes to resource availability and grazing pressure directly, indirectly, and
interactively control ecosystem functioning and carbon sequestration.
5.2 Introduction
There is growing concern about how human-induced changes in biodiversity
(Pimm et al., 1995; Pimm and Raven, 2000; Sala et al., 2000) will affect
ecosystem functioning – the rates of processes that control the flow of en-
ergy and matter across ecosystem compartments (Chapin et al., 1997, 2000;
1 This Chapter has been submitted as:
Laliberté, E. and Tylianakis, J. M. (submitted). Cascading effects of long-term land-
use changes on plant traits and ecosystem functioning.
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Hooper et al., 2005; Balvanera et al., 2006; Díaz et al., 2006). While it is
clear that biota control the transfers of energy and matter within ecosystems
(Chapin et al., 1997, 2000; Hooper et al., 2005), there has been considerable
debate (Aarssen, 1997; Huston, 1997; Hodgson et al., 1998; Wardle et al.,
1998; Huston et al., 2000; Srivastava and Vellend, 2005; Duffy, 2009) over the
interpretation and relevance of early experiments claiming positive effects of
species richness and ecosystem functioning (e.g., Naeem et al., 1994; Tilman
and Downing, 1994; Tilman, 1996; Hector et al., 1999). In particular, it has
been argued that the random species assemblages used in these experiments
do not reflect the non-random changes in biodiversity that occur follow-
ing environmental perturbation (Leps, 2004; Srivastava and Vellend, 2005;
Schläpfer et al., 2005), and that effects may be driven by functional traits
of the dominant species rather than species richness per se (Huston, 1997;
Grime, 1998; Mokany et al., 2008). Some have also argued that timescales
of experiments have often been too short to provide useful insights (Thomp-
son et al., 2005), and that longer-term perspectives are needed (Symstad
et al., 2003; Hooper et al., 2005). Finally, effects of diversity on ecosystem
functioning may be weak relative to the environmental forces or manage-
ment practices that directly alter ecosystem functioning, as well as driving
biodiversity loss (Huston and McBride, 2002; Schaffers, 2002; Srivastava and
Vellend, 2005; Kahmen et al., 2005; Grace et al., 2007).
Surprisingly, even though the vast majority of these experiments have
been conducted in grasslands (Balvanera et al., 2006), the increases in agri-
cultural inputs (e.g., fertilisation, irrigation) and grazing pressure that drive
change in grasslands worldwide (Bouwman et al., 2005) have been largely
ignored (Sanderson et al., 2004). Yet, land-use change is expected to be the
greatest global driver of biodiversity loss for this century (Sala et al., 2000),
and biotic changes may be only one of the pathways through which land use
alters the functioning of ecosystems (Chapin et al., 2000; Hooper et al., 2005;
Srivastava and Vellend, 2005; Grace et al., 2007). As a result, it is widely
recognised that we must move beyond simply asking whether biodiversity
matters to the functioning of ecosystems, but instead ask how it matters,
and by how much (Naeem and Wright, 2003; Srivastava and Vellend, 2005;
Díaz et al., 2007a; Reiss et al., 2009; Hillebrand and Matthiessen, 2009).
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This study shows that long-term (27-year), realistic manipulations of soil
resource availability and grazing intensity in experimental grasslands drive
changes in plant functional composition and diversity, with cascading direct
and indirect effects on primary production, litter decomposition, soil respira-
tion, and soil carbon sequestration. The experiment consisted of the initial
sowing of a common plant species pool (25 species) into resident grassland
vegetation (30 large 8×50-m plots) in 1982, with annual manipulations of
soil resource availability (five fertilisation levels, with the lowest receiving no
fertiliser, and the highest also being irrigated) and sheep grazing intensity
(three levels, leading to different proportions of aboveground net primary
production [ANPP] grazed). This long-term experiment thus represents a
realistic gradient of land-use intensification in grazing systems (Bouwman
et al., 2005) – the most extensive land use on Earth (Asner et al., 2004;
Foley et al., 2005).
In grasslands, soil resource availability can control ecosystem functioning
either directly (Burke et al., 1997), or indirectly via shifts in plant traits
(Díaz et al., 2007a; Quétier et al., 2007b). Similarly, grazing intensity can
exert direct control over ecosystem processes (McNaughton et al., 1997), or
indirect control through shifts in plant composition (Bardgett and Wardle,
2003; Bagchi and Ritchie, 2010). Importantly, the direction and strength of
grazing effects on vegetation and ecosystem processes are thought to depend
on soil resource availability (Olff and Ritchie, 1998; Bardgett and Wardle,
2003). Moreover, effects of biodiversity on ecosystem functioning are also
expected to vary with environmental context (Cardinale et al., 2000; Wardle
and Zackrisson, 2005), particularly soil resource availability (Fridley, 2002)
and disturbance (Cardinale et al., 2000). As a result, calls have been made
for comprehensive experiments exploring direct and indirect herbivore im-
pacts on aboveground and belowground processes in ecosystems of varying
soil resource availability (Bardgett and Wardle, 2003), as well as for “next-
generation” biodiversity-ecosystem functioning experiments that explicitly
consider realistic drivers of change in biodiversity (Srivastava and Vellend,
2005; Hillebrand and Matthiessen, 2009), of which land-use change is the
single most important one (Sala et al., 2000). The present study addresses
both of these calls.
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A response-effect trait framework is employed, which is best for explor-
ing functional consequences of changes in biodiversity (Chapin et al., 2000;
Lavorel and Garnier, 2002; Hooper et al., 2002; Naeem and Wright, 2003;
Hooper et al., 2005; Díaz et al., 2007a; Suding et al., 2008). Community-
weighted means (sensu Garnier et al., 2004; Díaz et al., 2007a) of two leaf
traits are used as markers of functional composition: specific leaf area and
leaf C:N ratio (hereafter, SLA and leaf C:N). These leaf traits have been
shown to respond strongly to shifts in soil resource availability or grazing
(Chapter 4), and are expected to influence ecosystem biogeochemical pro-
cesses (Lavorel and Garnier, 2002; Garnier et al., 2004; Quétier et al., 2007b;
Díaz et al., 2007a). Plant functional diversity was estimated using a broader
range of leaf morphological and chemical traits, whereas chemical traits were
used to explore potential effects of chemical diversity on litter decomposition
(Epps et al., 2007; Meier and Bowman, 2008; Gessner et al., 2010).
The main hypothesis was that soil resource availability would have a
dominant influence over ecosystem functioning through direct effects on pro-
duction (Burke et al., 1997; Lambers et al., 2008a), indirect effects mediated
via shifts in plant traits (Garnier et al., 2004; Quétier et al., 2007b), and
by altering the strength and direction of the impacts of grazing intensity
(Bardgett and Wardle, 2003). It was also hypothesised that higher graz-
ing intensity would increase functional diversity by suppressing competitive
dominance (Grime, 1973), and that such effects would be more pronounced
under greater soil resource availability competitive exclusion is most likely
(Olff and Ritchie, 1998; Aerts, 1999). However, functional (and chemical)
diversity was expected to play only minor roles on ecosystem functioning
relative to environmental drivers (Díaz et al., 2007a), although its effects
could depend on resource availability (Fridley, 2002). Finally, it was hypoth-
esised that grazing intensity would moderate effects of functional diversity on
ecosystem functioning through greater disturbance (Cardinale et al., 2000),
and because grazing can alter resource heterogeneity (Augustine et al., 1998),
which can in turn alter the relationship between biodiversity and ecosystem
functioning (Tylianakis et al., 2008).
In order to test such a complex, multifaceted causal hypothesis against
alternative hypotheses, the strengths of long-term experimental controls were
122
Code Variable Units Range
SRA Soil resource availability Unitless 1–5
GI Grazing intensity (proportion of
ANPP grazed; 18-month period)
Unitless 0.3–1.1†
SLA Specific leaf area
(community-weighted mean)
m2 kg−1 12.3–20.8
C:N Leaf C:N ratio
(community-weighted mean)
Unitless 12.0–23.4
FD Functional diversity
(multivariate dispersion)
Unitless 0.05–0.36
CD Leaf chemical diversity
(multivariate dispersion)
Unitless 0.03–0.31
ANPP Aboveground net primary
production (18-month period)
Mg DM ha−1 1.7–34.3
BNPP Belowground net primary
production (18-month period)
Mg DM ha−1 3.6–9.5
SR Soil respiration g C m2 h−1 0.3–1.6
ST Soil temperature °C 10.3–15.6
SC 0–20 Soil carbon (0–20 cm) Mg DM ha−1 57.4–110.9
SC 60–80 Soil carbon (60–80 cm) Mg DM ha−1 12.5–45.0
LD Litter decomposition rate
(kˆ × 103)
Unitless 0.97–8.44
Table 5.1: Description of variables used in the analyses. †Values above 1 could
be obtained because the measurement period started near peak standing
biomass, but ended directly after all plots were grazed before the winter
resting period (see details on page 134). DM = dry matter.
combined with statistical controls, using structural modelling (Shipley, 2009a).
This approach offered a coherent, robust and flexible way to test for direct
and indirect effects, while also considering potential non-linear effects (Grace
et al., 2007) and interactions involving soil resource availability, grazing in-
tensity, and functional or chemical diversity. Codes for all variables used in
the analyses are listed in Table 5.1.
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5.3 Materials and Methods
5.3.1 Study Area and Study Site
A detailed description of the study area and study site is given on page 34.
5.3.2 Experimental Design
A detailed description of the experimental design is given on page 34.
5.3.3 Vegetation Sampling
Sampling of all vascular plant species present within each plot was undertaken
in November 2007 and 2008 (see Chapter 3). Twenty 1×1-m quadrats were
randomly positioned along two longitudinal transects in each plot. Transects
were 3 m apart from each other and 2 m from the closest fence to avoid
edge effects. Cover (i.e., vertical projection of canopy, including living and
non-living components) of all vascular plant species present in each 1×1-m
quadrat was recorded using a seven-point semi-quantitative scale (1, < 0.1%;
2, 0.1–0.9%; 3, 1–5%; 4, 6–25%; 5, 26–50%; 6, 51–75%; 7, 76–100%). Mean
percent cover per species per plot was calculated by taking the median of
the cover class for each species in each of the 20 quadrats, then averaging
across these quadrats. Species present within the entire plot but not in the
individual 20 1×1-m quadrats were assigned the lowest possible cover value
(i.e., the median of cover class 1, divided by 20). Percent cover data per
plot were transformed to relative abundances by dividing the percent cover
of each species by the sum of percent cover values for all species present.
Relative abundance data from 2007 and 2008 were averaged.
5.3.4 Plant Traits and Functional Diversity
A group of leaf traits were selected for this study; these traits have been
identified as a suitable set of traits to predict plant species responses to
environmental change and effects on ecosystem processes in herbaceous com-
munities, while still being possible to measure across a wide range of species
(Weiher et al., 1999; Lavorel and Garnier, 2002; Cornelissen et al., 2003; La-
vorel et al., 2007; Garnier et al., 2007). Specific leaf area (SLA) and leaf
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dry matter content (LDMC) were measured on at least 10 individuals per
plant species (spread among the five fertiliser treatments, with a minimum of
two individuals per fertiliser level), following a standardised protocol (Gar-
nier et al., 2001). A composite sample of 10 individuals per species (spread
among the five fertiliser treatments) was used to estimate leaf carbon con-
centration (LCC), nitrogen concentration (LNC), phosphorous concentration
(LPC), and sulphur concentration (LSC). These samples were oven-dried at
60 °C, ground, and then sent to a commercial laboratory for analysis (Hill
Laboratories, Hamilton, New Zealand). Because leaf nutrient concentrations
can vary along resource availability gradients, individual samples from each
fertiliser level were used for the six species which together accounted for more
than 80% of total cover among all plots (Garnier et al., 2007). Field-measured
traits were measured on all vascular plant species found in all experimental
plots in November 2007, just prior to the start of the annual grazing treat-
ments.
A previous study (Chapter 4) had shown that plant species from this
study were predominantly differentiated along a nutrient acquisition-conser-
vation trade-off axis corresponding to the “leaf economics spectrum” (Wright
et al., 2004), and that community-weighted means (sensu Garnier et al.,
2004; Díaz et al., 2007a) of leaf traits associated with this axis strongly re-
sponded to the long-term manipulations of resource availability and grazing
intensity. The analyses focused on community-weighted means of two leaf
traits as markers of functional composition: specific leaf area (SLA) and
leaf C:N ratio. These two response traits are expected to also act as effect
traits by influencing ecosystem processes (Lavorel and Garnier, 2002; Gar-
nier et al., 2004; Quétier et al., 2007b; Díaz et al., 2007a). While leaf traits
do not directly capture belowground strategies (De Deyn et al., 2008), pre-
vious work in grasslands of varying fertility within the study area showed
consistent coupling between leaf and root morphological and chemical traits
(Craine and Lee, 2003), suggesting that these leaf traits may act as proxies
for belowground strategies.
Plant functional diversity was estimated using SLA, LDMC, LNC, LSC,
and LPC, whereas leaf C:N, C:P, and C:S ratios were used to explore poten-
tial effects of chemical diversity on litter decomposition (Epps et al., 2007;
125
Meier and Bowman, 2008; Gessner et al., 2010). In both cases, functional
dispersion was used as the abundance-weighted functional diversity index,
which is simply the multivariate analogue of the weighted mean absolute de-
viation (Chapter 2). Functional diversity metrics were computed using the FD
package (Laliberté and Shipley, 2010) in the R environment (R Development
Core Team, 2010).
5.3.5 Aboveground Net Primary Production
Aboveground net primary production (ANPP) was estimated during an 18-
month period (October 2007–April 2009), using periodic measurements of
live standing plant biomass with a capacitance probe (GrassMaster II, Novel
Ways, Hamilton, New Zealand) that was calibrated against oven-dried live
biomass harvests from 100 circular quadrats taken across all plots in Octo-
ber 2007 (R2 = 0.737, P < 0.0001). Each sampling event consisted of 100
capacitance probe measurements per plot (evenly spread across four longi-
tudinal transects), which were then used to estimate the mean live standing
biomass. Capacitance probe measurements were always made directly prior
to and after each grazing event in each plot, thus allowing us to quantify the
amount of primary production consumed (or trampled) by sheep over that
period. In addition, periodic routine measurements (about once a month)
were made in between grazing events. Measurements were made when vege-
tation was dry to prevent overestimation of plant live biomass. All increases
in live biomass between two consecutive measurements were summed over
the entire sampling period to calculate ANPP (Lauenroth, 2000).
This approach for measuring ANPP avoids the two major methodological
problems that have previously complicated the study of grazing impacts on
ANPP in grazing systems (McNaughton et al., 1996), and the importance of
compensatory plant growth (McNaughton, 1983) in particular. These prob-
lems are that (i) grazing animals must be able to remove vegetation biomass
during the period of estimation, and that (ii) consumption by grazing ani-
mals must be quantified and taken into account (McNaughton et al., 1996).
ANPP values are reported as Mg dry matter (DM) ha−1 for the entire 18-
month sampling period (October 2007–April 2009).
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5.3.6 Belowground Net Primary Production
Belowground net primary production (BNPP) was measured using root in-
growth cores (Neill, 1992). Four 8-cm diameter × 30-cm deep soil cores per
plot (randomly positioned along a central longitudinal transect) were taken
out in October 2007. The resulting holes were immediately filled with root-
free soil (i.e., sieved soil taken in an area directly adjacent to the experiment)
enclosed in 1-mm mesh nylon bags. Root cores were retrieved in May 2008,
cut into three sections corresponding to three depths (0–10 cm, 10–20 cm,
and 20–30 cm) and each section was washed through a 1-mm sieve to sep-
arate soil from roots, which were then oven-dried and weighed. The same
procedure, again with four root ingrowth cores per plot, was repeated for the
July 2008–April 2009 period. For each harvested root ingrowth core, all three
depth sections were summed, and then averaged values from all four cores
per plot for each sampling period. Finally, values from the two sampling
periods were summed and expressed as Mg DM ha−1 (0–30 cm depth) for
the entire 18-month sampling period (October 2007–April 2009), the same
period that was used to measure ANPP.
5.3.7 Litter Decomposition
Litter decomposition rate was estimated following a standardised procedure
(Garnier et al., 2007). In each plot, freshly senesced plant litter was collected
in March 2008 from 10 1×1-m quadrats randomly positioned along a central
longitudinal transect. Live biomass, obvious seeds, sheep feces and highly
decomposed material were discarded. Litter was air-dried for two weeks, cut
into ∼ 5-cm segments, and mixed to yield a “community litter” (Aerts et al.,
2003). A standard litter material (cellulose filter paper) was also air-dried
and used as a control. Nylon litter bags (1×1-mm mesh size) were filled
with ∼ 2-g portions of dry litter or cellulose filter paper. Litter and cellulose
filter paper sub-samples (10 per plot) were oven-dried for air-dry weight to
oven-dry weight conversions.
Litter was field-incubated back into the plots from where it came. Live
plants and stubble were cut to soil surface with a spade in four randomly
positioned areas along a central longitudinal transect, within which litter
127
bags were incubated. Four litter bags per plot, harvest date (after 1, 3,
6, 12, and 18 months of incubation), and litter type (community litter or
standard litter) were used, for a total of 40 litter bags per plot (1280 bags
in total, counting the two control plots). Rabbit fencing was fixed on top of
the litter bags to ensure good contact with the soil and to prevent bags from
being blown away by the wind. Litter bags were also enclosed within small
(∼ 30 cm radius) sheep exclosures to prevent them from being trampled and
damaged. Bags were checked periodically to remove any live plant ingrowth
(mostly grass and clover leaves, which were carefully removed). At each
harvest date, four bags per litter type were collected from each plot, oven-
dried, and weighed.
In addition to incubation within experimental plots, community litter was
also decomposed under standard conditions in a homogeneous section of the
study site, in order to assess the effects of litter quality alone. Four litter
bags (i.e., replicates) per plot and harvest date (1, 3, 6, 12, and 18 months
of incubation) were used. The same procedure as described above was used
for installation and maintenance. Four controls (cellulose filter paper) per
harvest date were also used, for a total of 660 bags.
The negative exponential single-pool decomposition model (Olson, 1963)
was used to estimate both the litter decomposition rates kplot (litter incuba-
tion within plots) and kstand (litter incubation in standard soil conditions):
X(t) =
M(t)
M(0)
e−kt
where k is the litter decomposition rate, X(t) is the proportion of litter mass
remaining at time t (in days), M(t) is the litter mass remaining at time t,
and M(0) is the initial litter mass. By definition, X(t) is in theory bounded
between 0 and 1, although in practice values > 1 sometimes occur. The litter
decomposition rates kˆ were estimated via maximum likelihood (n = 20 for
each of the 60 plot/incubation type combinations) on untransformed data,
using the bbmle package (Bolker, 2010) in the R environment (R Development
Core Team, 2010).
Nonlinear regression on untransformed data with normal errors has re-
cently been recommended for estimating decomposition rates in single-pool
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Figure 5.1: Litter decomposition curves for the within-plot incubation exper-
iment (560 days). Each panel represents a particular plot. Columns represent
the five fertiliser/irrigation treatments, while rows represent the grazing in-
tensity treatments and replicates (a and b). The two upper panels are from
two control plots from an area directly adjacent to the experiment, and which
had not been over-sown, fertilised, irrigated, and had not been grazed since
at least 1981, and only lightly grazed before then. kˆ are estimated litter
decomposition rates. n = 20 in each panel.
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Figure 5.2: Litter decomposition curves for the standard-soil incubation ex-
periment (560 days). See Figure 5.1 for details.
models (Adair et al., 2010). However, the beta distribution can provide a bet-
ter alternative for modelling proportional bounded data, which often show
reduced variance near the bounds (Smithson and Verkuilen, 2006). Thus,
models were fitted with either normal or beta errors and selected the best
one based on ∆AICc. Because the beta distribution only allows values from
the open unit interval 0 < y < 1, whenever a value > 1 was found, those data
were first compressed to the closed unit interval [0, 1] by taking y′ = y/a,
where a is the maximum y value, and then compressing the range to the
open unit interval ]0, 1[ by taking y′′ = [y′(N − 1) + 0.5]/N , where N is the
number of data points (Smithson and Verkuilen, 2006). This transformation
was only needed for 24 out of 60 litter decomposition estimates and had very
little effect on the data (results not shown). Decomposition curves per plot
for each of the two incubation methods are shown in Figures 5.1–5.2.
Because the cellulose filter paper controls decomposed very little during
the incubation period in all plots (results not shown), only the community
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litter decomposition rates kplot and kstand were used for further statistical
analyses.
5.3.8 Soil Respiration
Soil respiration was measured on three occasions during the December 2008–
March 2009 period, each time a few days after a rain event, to ensure that
the soil was moist. A soil respiration chamber (SRC-1, PP Systems, Hert-
fordshire, UK) was tightly fitted on each of four PVC collars per plot (pre-
installed 6 months before the first measurement) that were inserted into the
soil at a depth of 10 cm and randomly positioned along a central longitudinal
transect. The soil respiration chamber was left running for 120 seconds on
each collar, and a quadratic fit was used to estimate C fluxes from the soil
(g C m−2 h−1). Vegetation was cut to 2-cm height prior to measurement.
Soil temperature at 5-cm depth was measured next to each PVC collar at the
time of each soil respiration measurement. At each date, all measurements
were taken within a four-hour period from 12:00 to 16:00. Averages of the
three measurement rounds were used in the analyses.
5.3.9 Soil Properties
In each plot, four soil samples for each of two depths (0–20 cm and 60–80 cm)
were collected from random locations along a central longitudinal transect
(September 2008). A composite soil sample per depth was created from these
four samples, and these samples were sent to a commercial laboratory (Hill
Laboratories, Hamilton, New Zealand) for analysis of: Olsen P, available SO4,
total and available N, organic matter, total C (%C), pH, and bulk density
(BD). Total C data were corrected with bulk density data to estimate soil C
storage (SC), and results are reported as Mg C ha−1 (for 0–20 cm and 60–80
cm depths):
SC0–20 cm = 20 × %C0–20 cm × BD
SC60–80 cm = 20 × %C60–80 cm × BD
Samples were also analysed in the laboratory for dissolved organic matter
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(DOM), more specifically dissolved organic C and N. To do so, the water-
extractable organic matter fraction was extracted by shaking the soil with
10 mM CaCl2 in an overhead shaker (110 rpm, 15 min) at room temperature
(∼20°C) with a 1:2 soil:extractant ratio (w/w). The extracts were then
centrifuged (15 min, 4500 rpm) and filtered through 0.45 mm cellulose nitrate
syringe filters. This method reflects the in situ conditions of the soil solution
(Zsolnay, 2003).
Previous work has reported on differences in soil nutrient pools and fluxes
and organic matter components among the different experimental treatments
for years 10–15 of the experiment (Scott, 2000b,d,e).
5.3.10 Statistical Analyses
Differences among Experimental Treatments
Linear mixed models with random intercepts per block and whole plot were
used whenever testing for differences among experimental treatments for a
given variable, thus taking into account the hierarchical (i.e., split-plot) struc-
ture of the experimental design. Analyses were done using the nlme (Pinheiro
et al., 2010), multcomp (Hothorn et al., 2008), and base packages in the R
environment (R Development Core Team, 2010). Residuals were inspected to
verify model assumptions. When heterogeneity was detected, an appropriate
variance structure was specified (Pinheiro and Bates, 2000), using the top-
down approach described by Zuur et al. (2009). Model selection on the fixed
component of the model (i.e., the main effects of fertiliser, grazing intensity
and their interaction) was based on minimising the Akaike Information Cri-
terion (AIC) and using likelihood ratio tests on models fitted via maximum
likelihood estimation. The final model was fit by restricted maximum like-
lihood estimation (REML). Post hoc Tukey pairwise multiple comparisons
were used to test for differences among treatment levels (Hothorn et al.,
2008).
Multilevel Causal Path Models
Generalised multilevel path models (Shipley, 2009a) were used to test dif-
ferent causal hypotheses involving soil resource availability and grazing in-
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tensity, plant functional composition and diversity, and ecosystem processes.
Standard structural equation modelling (SEM) approaches based on com-
parisons between observed and predicted covariance matrices could not be
used because the hierarchical nature of the experimental design violated the
assumption of independence among observations. Besides allowing us to
consider the hierarchical nature of the design, another benefit of generalised
multilevel path models is that they offer a flexible way to take into account
non-linear relationships and interactions among variables (Shipley, 2009a).
Testing the validity of a generalised multilevel causal path model consists
of: (i) finding the “basis set” BU of independence claims implied by a directed
acyclic causal graph (i.e., a box-and-arrow causal diagram that involves no
feedback loops) that, together, expresses the full set of dependence and inde-
pendence claims implied by the causal graph; (ii) obtaining the probability
pi associated with each the k independence claims in BU, using appropri-
ate statistical tests (in this case, linear mixed models, as described above);
(iii) combining the pi using C = −2
∑k
i=1 ln (pi); and (iv) comparing the C
statistic to a chi-square (χ2) distribution with 2k degrees of freedom (Ship-
ley, 2009a). A causal model can be rejected if the P -value associated with
its C statistic is smaller than the specified α-level (here, α = 0.05), since
a significant P -value implies that the data depart significantly from what
would be expected under such a causal model (Shipley, 2009a).
When analysing experimental data under an SEM framework, categorical
variables corresponding to experimental treatments can be dealt with in sev-
eral ways (Grace, 2006). Because the levels for both experimental treatments
were ordered (corresponding to five increasing levels of soil resource availabil-
ity [i.e., P/S fertiliser and irrigation] and sheep relative grazing intensity [i.e.,
2:3:4 sheep stocking ratios]), it was possible to adopt the typical approach of
converting them to ranks, effectively treating the design as a response-surface
design (Grace, 2006). While the fertiliser/irrigation treatment was treated
in that way (resulting in a continuous variable from 1 to 5 which is referred
to as “soil resource availability”), this approach was not used for the graz-
ing intensity treatment. The rationale was that while it is relatively easy to
control the amount of P/S fertiliser and water added to plots each year (and
thus to assume fixed values for the soil resource availability index), manipu-
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lating ∼150 sheep in an experimental setting is inherently more challenging.
Although sheep numbers were fixed according to the 2:3:4 ratio within each
whole plot for each grazing event, as defined by the experimental design, it is
not possible to control sheep foraging behaviour and thus it is difficult to ac-
curately determine whether the amount of plant biomass consumed actually
corresponds to the targeted 2:3:4 ratio or whether it is varies non-linearly
in a density-dependent manner. Moreover, the fertiliser/irrigation treatment
led to large shifts in plant taxonomic and functional composition (Chapters
3 and 4; Scott, 2007) and levels of primary production (Fig. 5.4a). This
heterogeneity in vegetation composition among resource availability levels
makes it difficult to estimate with certainty whether the levels of remain-
ing plant biomass in the moderate grazing treatments after a grazing event
(which determines the duration of the grazing event in all three grazing in-
tensity subplots within a whole plot, and thus the relative amount of plant
biomass consumed in these three subplots) are actually comparable across
the different whole plots.
As a solution to these problems, an appropriate and meaningful measure
of grazing intensity in grasslands is simply the proportion of ANPP grazed
by animals (e.g., Bagchi and Ritchie, 2010). Because the sampling method-
ology used to estimate ANPP gave a direct estimate of the amount of plant
biomass consumed (or trampled) by sheep, the ratio of grazed ANPP over
total ANPP for the October 2007–April 2009 period was used as the mea-
sure of grazing intensity in generalised multilevel path models. This yields a
direct estimate of grazing intensity that is comparable across plots and thus
avoids the aforementioned methodological problems associated with treating
grazing intensity as a ranked variable based on the levels of the grazing inten-
sity experimental treatment. Grazing intensity values above one (i.e., more
plant biomass was grazed than produced during the measurement period)
are possible because the measurement period for ANPP started near peak
standing biomass in October 2007 but ended in April 2009, directly after all
plots were grazed before the winter resting period.
While soil resource availability and grazing intensity would be orthogonal
to each other had they both been treated as ranked variables (by virtue of
the experimental design), the fraction of total ANPP grazed increased in a
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non-linear fashion with soil resource availability (R2 = 0.585, P < 0.001;
Fig.). This is consistent with patterns found in natural ecosystems, where
ecosystems with higher rates of primary production sustain a greater level
of herbivory per unit of primary production (McNaughton et al., 1989). The
dependence of grazing intensity on soil resource availability was explicitly
considered in all causal path models. An additional linear mixed model that
included both soil resource availability and a ranked grazing variable corre-
sponding to the different levels of the grazing intensity treatment showed that
both predictors had significant (P < 0.05) positive effects on the continuous
grazing intensity measure (i.e., the fraction of total ANPP grazed by sheep).
Importantly, no significant interaction was detected (P = 0.303). Therefore,
this shows that despite the fact that greater soil resource availability led to a
greater proportion of total ANPP being consumed by sheep, increasing levels
of the grazing intensity experimental treatment still led to greater herbage
consumption once this effect of soil resource availability was accounted for.
Linear mixed models with random intercepts per block and whole plot
were used to test the k independence claims implied by each causal path
model, allowing us to take into account the hierarchical nature of the ex-
periment (Shipley, 2009a). Data on ecosystem processes (ANPP, BNPP,
litter decomposition, and soil respiration) were log-transformed to linearise
relationships (see Fig. 5.4). All predictors were centred on their means (i.e.,
subtracting the mean) to facilitate interpretation and to avoid multicollinear-
ity problems due to the inclusion of interactions and polynomials (Aiken
and West, 1991). Residuals were inspected to verify model assumptions and
appropriate variance structures were used in the presence of heterogeneity
(Pinheiro and Bates, 2000).
Three potentially important interactions between predictors were con-
sidered in the models, based on expectations derived from previous work.
Because the effect of diversity on ecosystem functioning can vary with soil
resource availability (Fridley, 2002), a soil resource availability × functional
(and chemical) diversity interaction was included whenever appropriate. More-
over, because diversity effects on ecosystem functioning can become less im-
portant under greater disturbance intensity (Cardinale et al., 2000), an inter-
action involving grazing intensity and functional (and chemical) diversity was
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Figure 5.3: Grazing intensity (fraction of ANPP grazed) increased non-
linearly with soil resource availability. The relationship was modeled using
a linear mixed model, with random intercepts per block and whole plot and
with a heterogeneous variance structure for the different levels of the fer-
tiliser treatment. First, second, and third-order polynomials of soil resource
availability were used as the fixed predictors (R2 = 0.585, P < 0.0001). The
black line shows a smoothed loess curve (span = 0.85) through the popula-
tion fitted values. Soil resource availability was centred prior to analysis but
results are reported back in original values to facilitate interpretation.
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also included. Finally, a soil resource availability × grazing intensity interac-
tion was considered as a potential influence over plant functional composition,
functional diversity, and ecosystem processes, since the strength and direc-
tion of herbivore impacts on vegetation and ecosystem processes are thought
to depend on soil resource availability (Olff and Ritchie, 1998; Bardgett and
Wardle, 2003).
When testing an independence claim for a given predictor, which included
interactions involving that predictor (i.e., the independence claim involved
more than one fixed term), the null probability pi was taken from a likelihood
ratio test involving nested models with and without the terms of interest,
using maximum likelihood estimation. While likelihood ratio tests can be
non-conservative when comparing nested models with different fixed effects
when sample sizes are small (Pinheiro and Bates, 2000), the consequence of
this would not be important in the context of testing the validity a causal path
model. Indeed, a less conservative test leading to a smaller P -value would
inflate the C statistic, thus increasing the chance of rejecting the causal
model and therefore forcing the inclusion of the independence claim as a
dependence claim in a second path model. However, because the individual
path coefficients in each causal model are ultimately tested for significance
using conditional t-tests, which are recommended over likelihood ratio tests
for hypothesis tests involving fixed effects (Pinheiro and Bates, 2000), this
approach would not overestimate the importance of these paths in the final
model.
Polynomials of main terms were used to model non-linear relationships,
but only when differences in AIC and results of likelihood ratio tests (us-
ing maximum likelihood estimation) provided unequivocal support for their
inclusion (i.e., ∆AIC > 8 and P < 0.001 for likelihood ratio tests), again
because of the liberal nature of the likelihood ratio test for comparing mod-
els with different fixed effects (Pinheiro and Bates, 2000). When testing an
independence claim involving a non-linear relationship modeled with multi-
ple polynomials of a predictor, a single composite variable was first created
from these polynomial terms by fitting a mixed model with all polynomials as
predictors, extracting its regression coefficients (i.e., fixed effects), and then
multiplying each polynomial by its regression coefficient and summing them
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together into one composite variable (Grace et al., 2007). REML estimation
was used and pi was taken from the P -value associated with the t-statistic
for the regression coefficient of the composite variable.
For all causal models, individual path coefficients leading to endogenous
variables (i.e., variables with arrows leading to them) were fitted using REML
and tested for significance (Shipley, 2009a). Again, residuals were inspected
to verify model assumptions, and appropriate variance structures were used
in the presence of heterogeneity (Pinheiro and Bates, 2000). Significance of
individual path coefficients was assessed using conditional t-tests (Pinheiro
and Bates, 2000).
Model fits for endogenous variables were assessed via an R2 statistic de-
veloped specifically for linear mixed models (Kramer, 2005). While the cal-
culation and interpretation of R2 statistics for mixed models are still under
debate, and such statistics cannot be interpreted in the same way as their
least squares counterpart (Edwards et al., 2008), this R2 statistic was simply
used as an overall measure of fit for the different models. Because the final
models used REML estimation, and this R2 measure used relies on maximum
likelihood estimation (Kramer, 2005; Edwards et al., 2008), these R2 statis-
tics should be interpreted with caution. Nevertheless, they should still give
a reasonable absolute indication (rather than a comparative measure such as
AIC) of how well or poorly a particular model fits the data.
Because all predictors were centred, unstandardised path coefficients can
be interpreted as the amount of change in the response variable following a
unit change in the predictor when all other predictors are held constant at
their mean values (Aiken and West, 1991). However, in the presence of an
interaction this interpretation is no longer valid; in that case, the unstandard-
ised path coefficient for a predictor involved in the interaction is interpreted
as its average effect on the response variable when the conditioning variable
(i.e., the other predictor involved in the interaction) is held at its mean value
(Aiken and West, 1991). The unstandardised path coefficient for the interac-
tion, on the other hand, represents the amount of change in the slope of the
regression of the response variable on one of the predictors involved in the
interaction, following a one-unit change in the other predictor (Aiken and
West, 1991).
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Standardised coefficients for main terms and interactions were computed
as described by Aiken and West (1991), whereas those for non-linear rela-
tionships involving polynomials were computed from composite variables of
the polynomial terms (Grace et al., 2007). Only standardised coefficients are
meaningful in the latter case (Grace et al., 2007). Contrary to unstandard-
ised coefficients, standardised coefficients can be directly compared to each
other and represent the relative importance of each path. These standardised
coefficients are interpreted in a similar way as unstandardised coefficients, ex-
cept that changes in both predictors and response variables are expressed in
standard deviation units.
Causal models with significant C statistics (P < 0.05) were promptly
rejected. For each set of models, the best and most parsimonious causal
model were selected among a set of competing models by choosing the one
that agreed with the data (P > 0.05) but did not contain irrelevant paths,
i.e., paths that were not significant and could be removed without decreasing
the C/df ratio (Jöreskog, 1969). The only exception to this rule was when
an interaction involving two terms was significant but one of the main effects
was not. In that case, both main terms had to be included in the model
to satisfy the principle of marginality (Venables and Ripley, 2002). All of
the aforementioned analyses were conducted using the nlme (Pinheiro et al.,
2010) package in the R environment (R Development Core Team, 2010).
5.4 Results and Discussion
Soil resource availability had strong cascading effects on ecosystem function-
ing (Fig. 5.6), with direct positive effects on ANPP and litter decomposition
being likely caused by greater plant resource uptake and stimulated microbial
activity (Lambers et al., 2008a). Moreover, soil resources drove changes in
traits of the dominant species, as predicted (Grime, 2002; Lavorel and Gar-
nier, 2002; Garnier et al., 2004; Díaz et al., 2007a; Quétier et al., 2007b); SLA
increased sharply from the lowest to the second lowest soil resource availabil-
ity level, but then varied little with further increases in resource availability
(Fig. 5.5), whereas leaf C:N showed the opposite trend (Fig. 5.7). Because
these traits are tightly linked to the leaf economics spectrum (Wright et al.,
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Figure 5.4: Differences in ecosystem processes among fertiliser levels. (a)
ANPP, (b) BNPP, (c) litter decomposition (incubation within plots), (d)
litter decomposition (incubation under standard soil conditions), and (e)
soil respiration. Different letters indicate significant (P < 0.05) differences
following post hoc Tukey tests. The central bar shows the median, the box
represents the interquartile range (IQR), the whiskers show the location of the
most extreme data points still within 1.5 +/− the upper or lower quartiles,
and small open circles are outliers. All panels except (b) have their y-axes
on logarithmic scales.
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Figure 5.5: Community-weighted specific leaf area (SLA) increased non-
linearly with soil resource availability. First, second, and third-order poly-
nomials of soil resource availability were used as the fixed predictors (R2 =
0.535, P < 0.0001). The black line shows a smoothed loess curve (span
= 1.1) through the population fitted values. Soil resource availability was
centred prior to analysis but results are reported back in original values to
facilitate interpretation.
2004) and correlate with leaf lifespan (Reich et al., 1992), these results sup-
port the view that leaf attributes that reduce nutrient losses hold a long-term
advantage under nutrient limitation, whereas those associated with a rapid
growth rate become dominant under high fertility (Chapin, 1980; Lambers
and Poorter, 1992; Herms and Mattson, 1992; Aerts, 1995; Reich et al., 1997;
Aerts and Chapin, 2000; Grime, 2002). On the other hand, higher graz-
ing intensity decreased leaf C:N (Fig. 5.6b), suggesting the emergence of
a grazing-resistant strategy, which is expected under the episodic but hard
grazing (Rosenthal and Kotanen, 1994) to which experimental plots were sub-
jected. These plant trait shifts in turn directly increased ANPP and litter
decomposition (Fig. 5.6), as SLA is an important component of plant rela-
tive growth rate (Poorter and Remkes, 1990; Garnier, 1992; Lambers et al.,
2008a), whereas leaf C:N is a good indicator of litter quality for herbaceous
species (Lambers et al., 2008a).
The primacy of soil resource availability was also demonstrated through
its moderating influence on the strength and direction of herbivore-mediated
141
×Soil
resource
availability
G
razing
intensity
R
2 = 0.59
Specific
leaf area
R
2 = 0.54
AN
PP
‡
R
2 = 0.81
BN
PP
‡
R
2 = 0
Soil
respiration
‡
R
2 = 0.85
Soil
tem
perature
R
2 = 0.73
Functional
diversity
R
2 = 0.68
a
Soil
resource
availability
G
razing
intensity
R
2 = 0.59
Leaf C
:N
R
2 = 0.56
Litter
decom
position
‡
R
2 = 0.80
C
hem
ical
diversity
R
2 = 0.55
b
Soil
resource
availability
G
razing
intensity
R
2 = 0.59
Specific
leaf area
R
2 = 0.54
AN
PP
‡
R
2 = 0.81
BN
PP
‡
R
2 = 0
Soil C
0–20 cm
R
2 = 0.67
Functional
diversity
R
2 = 0.68
c
Soil C
60–80 cm
R
2 = 0.77
0.22
†****
†****
†****
0.004
-0.02****
-2.83
§
1.15*
0.77****
0.09*
†****
0.30***
0.21**
-1.49****
1.24****
-12.16
§
6.41***
0.28****
0.10**
0.04*
0.19**
†****
†****
-1.93**
-0.07**
0.23 0.09*
-0.12
0.95****
3.26****
0.22
0.004
0.09*
0.30***
1.24****
0.04*
-0.02****
-2.83
§
-12.16
§
6.41***
0.10**
-4.48****
†**
23.14***
1.12
§
8.69****
9.06*
18.9****
2.83*
0.02****
F
igure
5.6:
B
est-fitting
causalpath
m
odels
for
(a)
A
N
P
P,B
N
P
P,and
soilrespiration,(b)
litter
decom
position,and
(c)
soilcarbon
sequestration.
A
llcausalm
odels
fitted
the
data
w
ell(a:
χ
2
=
20.4,
df
=
28,
P
=
0.851;b:
χ
2
=
2.46,
df
=
2,
P
=
0.293;
c:
χ
2
=
20.7,
df
=
22,
P
=
0.541).
A
rrow
s
represent
the
flow
of
causality.
B
lue
arrow
s
indicate
positive
effects,
w
hile
red
arrow
s
indicate
negative
effects.
B
lack
arrow
s
are
non-linear
relationships.
A
rrow
s
leading
to
other
arrow
s
represent
interactive
effects.
P
ath
coeffi
cients
are
unstandardised
partial
regression
coeffi
cients.
A
rrow
w
idths
are
proportionalto
the
standardised
path
coeffi
cients.
D
otted
arrow
s
represent
non-significant
(P
>
0.05)
relationships.
†N
o
unstandardised
path
coeffi
cients
are
available
for
non-linear
relationships.
‡Log-transform
ed.
§0.05
<
P
<
0.1,
∗P
<
0.05,
∗∗P
<
0.01,
∗∗∗P
<
0.001,
∗∗∗∗P
<
0.0001.
142
Soil resource availability
Le
af
 C
:N
14
16
18
20
22
1 2 3 4 5
Figure 5.7: Community-weighted leaf C:N ratio decreased non-linearly with
soil resource availability. First, second, and third-order polynomials of soil
resource availability, as well as grazing intensity were used as the fixed pre-
dictors (R2 = 0.644), and all terms were significant (P < 0.05). See Figure
5.5 for details.
impacts on ecosystem processes. Strikingly, impacts of grazing intensity on
ANPP and litter decomposition shifted from negative to positive with in-
creasing soil resources (Figs. 5.6a–b and 5.8b–c). The tenet that impacts of
grazing by large herbivores depend on soil resource availability has been hy-
pothesised (Bardgett and Wardle, 2003) and supported by field studies along
natural resource gradients (Augustine and McNaughton, 2007), yet until now
strong experimental tests have remained elusive.
Besides physical disturbance, grazing can impact ecosystem processes
through changes in the quantity and quality of resources returned to the soil
(McNaughton et al., 1997; Bardgett and Wardle, 2003), which in the longer
term may be due to shifts in plant functional composition (Pastor et al., 1988;
Bardgett and Wardle, 2003; Bagchi and Ritchie, 2010). In accordance with
this mechanism, grazing intensity directly decreased leaf C:N, which in turn
increased litter decomposition (Fig. 5.6b). However, this could not explain
the strong interaction between the effects of soil resource availability and
grazing intensity observed for both ANPP and litter decomposition. When
litter decomposition rate was measured under standard soil conditions, this
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interaction disappeared (Fig. 5.9). This suggests that this interactive effect
was mediated through aboveground-belowground feedbacks, and not through
more pronounced herbivore-induced increases in plant secondary compounds
under lower resource availability (Coley et al., 1985), which could have re-
duced litter decomposition rate (Findlay et al., 1996) and ultimately, nutrient
cycling and ANPP. Although the nature of these aboveground-belowground
feedbacks remain to be elucidated, one such feedback pathway could be that
under greater soil resource availability, increases in root exudation through
grazing-induced defoliation stimulated microbial decomposition and nitrogen
mineralisation (Hamilton and Frank, 2001; Hamilton et al., 2008), thus pro-
moting litter decomposition and ANPP. Conversely, under low soil resource
availability, such beneficial effects of grazing may be outweighed by other
detrimental impacts. For example, grazing can reduce the abundance and
activity of litter-consuming arthropods (Hutchinson and King, 1980), poten-
tially restricting litter decomposition. Moreover, mycorrhizal associations
play significant roles in plant mineral nutrition under low soil fertility (Lam-
bers et al., 2008a,b), and grazing has adverse effects on these associations
through photosynthate limitation (Gehring and Whitham, 1994).
Changes in plant functional composition towards a more rapid-growth
strategy led to strong reductions in functional diversity and chemical diver-
sity (Fig. 5.6). This may be due to shifts in competition intensity, whereby
the coexistence of alternative plant strategies of approximately equal fitness is
promoted in communities dominated by slow-growing plants, whereas domi-
nance by fast-growing plants leads to the competitive exclusion of those with
inherently slower growth (Grime, 1973, see also Chapter 4). In contrast,
grazing intensity increased functional and chemical diversity, although for
functional diversity the effect of grazing became more positive as resource
availability increased. This may be because higher grazing intensity sup-
presses competitive dominance, and this effect of grazing may become more
important when soil resources are plentiful and opportunities for competitive
exclusion are greatest (Grime, 1973).
Functional diversity is expected to provide a stronger mechanistic link
than measures of species diversity with regard to positive effects of biodiver-
sity on ecosystem functioning (Díaz and Cabido, 2001; Tilman, 2001; Naeem
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Figure 5.8: Interactive effects on functional diversity, ANPP, and litter de-
composition. In each panel, the surface represents the population fitted val-
ues for the two terms involved in the interaction, holding all other fixed terms
in the model constant at their mean values. Arrows indicate increasing val-
ues. The ranges of the x- and y-axes were determined from the range of the
data. Red dots show the population fitted values associated with individual
plots. ∗Log-transformed. Codes for variables are defined in Table 5.1.
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Figure 5.9: Best-fitting multilevel causal path model for litter decomposition
under standard soil conditions. The causal model was supported by the data
(χ2 = 7.43, df = 6, P = 0.291). †Nonlinear relationships. ‡Log-transformed.
§0.05 < P < 0.1, ∗P < 0.05, ∗∗P < 0.01, ∗∗∗P < 0.001, ∗∗∗∗P < 0.0001. See
Figure 5.6 for details.
and Wright, 2003; Hooper et al., 2005; Díaz et al., 2007b). Yet surprisingly,
higher plant functional and chemical diversity were associated with lower
ANPP and litter decomposition at the lowest soil resource availability level
(Fig. 5.8d–e), where both native and total species richness were greatest (see
Chapter 4). Nevertheless, effects of functional and chemical diversity on
ANPP and litter decomposition became increasingly positive under greater
soil resource availability (Fig. 5.8d–e). These results, in accordance with
those from a short-term grassland experiment (Fridley, 2002), again highlight
the importance of soil resources, and suggest that complementary resource
use may only become important when resources are plentiful.
In contrast to ANPP, belowground net primary production (BNPP) was
not influenced by soil resource availability, grazing intensity, plant traits or
functional diversity, and it varied independently of ANPP (Fig. 5.6a). The
unresponsiveness of BNPP to changes in soil resource availability may have
arisen because plants generally allocate a greater proportion of their resources
to root growth under lower soil resource availability, in order to match above-
ground demands (Lambers et al., 2008a). The absence of impacts of grazing
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accords with previous findings (McNaughton et al., 1998). Despite previous
work in the study area showing consistent coupling between leaf and root
traits (Craine and Lee, 2003), SLA did not explain variation in BNPP. Be-
cause measuring root traits can be challenging, identifying easily-measurable
aboveground traits that capture belowground processes is an important area
for future research (De Deyn et al., 2008).
Soil resource availability, grazing intensity and their associated impacts on
plant traits and functional diversity had cascading effects on soil respiration
via their effects on ANPP (Fig. 5.6a). While soil temperature can moderate
soil respiration, and was thus measured as an additional covariate, it did not
explain any additional variation (Fig. 5.6a), possibly due to thermal acclima-
tion of plant respiration (Atkin and Tjoelker, 2003). The dominant influence
of ANPP on soil respiration (Fig. 5.6) is in line with previous work (Tavares
Corrêa Dias et al., 2010) and presumably reflects the large root respiratory
costs associated with ion transport (Lambers et al., 2008a), and larger car-
bon inputs available for heterotrophic respiration (Raich and Tufekciogul,
2000). In addition, BNPP had a positive effect on soil respiration (Fig. 5.6),
most likely reflecting root growth respiration (Lambers et al., 2008a). Con-
versely, the strong positive effect of grazing intensity (Fig. 5.6) may be due to
microbial stimulation of organic matter mineralisation, possibly from dung
and urine return (McNaughton et al., 1997; Bardgett and Wardle, 2003) or
defoliation-induced increases in root exudation (Hamilton and Frank, 2001;
Hamilton et al., 2008). Support for this hypothesis came from higher dis-
solved organic carbon (β = 70.7, t = 3.33, P = 0.004) and dissolved organic
nitrogen (β = 3.25, t = 2.18, P = 0.043) in the surface soil layer (0–20
cm) under higher grazing intensity, with these effects being consistent across
soil resource availability levels (soil resource availability × grazing intensity
interactions, P = 0.107 and P = 0.853, respectively). Because the soil respi-
ration measurements were point estimates, it is unclear whether these results
can be extrapolated to annual soil respiration. Nevertheless, because up to
98% of the total carbon in grasslands can be stored belowground (Jones and
Alison, 2004), and soil respiration accounts for most carbon loss from soils
(De Deyn et al., 2008), this potential herbivore-mediated positive feedback
could have important consequences for the global carbon cycle.
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Figure 5.10: Surface soil (0–20 cm depth) carbon shows a non-linear response
to soil resource availability. A linear mixed model with random intercepts
per block and whole plot was used. Boxplots of population fitted values of
the full model are shown. The black line shows a smoothed loess curve (span
= 1.1) through these population fitted values. Soil resource availability was
centred prior to analysis but results are reported back in original values to
facilitate interpretation.
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Figure 5.11: Depth distribution of BNPP in 0–10 cm soil layer among fer-
tiliser levels. Percentages express the amount of BNPP in the 0–10 cm soil
layer relative to the entire 0–30 cm profile in which BNPP was estimated.
Different letters indicate significant (P < 0.05) differences following post hoc
Tukey tests. The central bar shows the median, the box represents the in-
terquartile range (IQR), the whiskers show the location of the most extreme
data points still within 1.5 +/− the upper or lower quartiles, and small open
circles are outliers.
Long-term manipulation of soil resource availability also had a dominant,
non-linear effect on the amount of carbon stored in the soil surface (0–20 cm
depth; Fig. 5.6c). Soil carbon increased progressively with fertilisation rate,
but then dropped sharply at the highest resource availability level (Fig. 5.10),
which was irrigated and sustained by far the greatest ANPP (Fig. 5.4a).
A limited rooting depth distribution can restrict opportunities for build-up
of soil carbon (De Deyn et al., 2008), and indeed there was a significantly
greater proportion of BNPP restricted to the 0–10 cm soil layer at the high-
est soil resource availability (Fig. 5.11). Moreover, because the study area
frequently experiences summer moisture deficits, which can effectively halt
soil respiration, irrigation may have promoted soil carbon loss by increasing
soil respiration on an annual scale. Thus, increased plant production through
high fertilisation and irrigation do not necessarily translate into greater soil
carbon sequestration in grasslands (Jones and Alison, 2004).
149
Soil resource availability
So
il C
 6
0−
80
 c
m
 
(M
g 
C 
ha
−
1 )
10
15
20
25
30
35
l
l
1 2 3 4 5
Figure 5.12: Deeper (60–80 cm depth) soil carbon stores decrease with greater
soil resource availability. A linear mixed model with random intercepts per
block and whole plot was used. Boxplots of population fitted values of the
full model are shown. The black line shows a smoothed loess curve (span
= 1.1) through these population fitted values. Soil resource availability was
centred prior to analysis but results are reported back in original values to
facilitate interpretation.
Once this dominant, non-linear effect of soil resource availability was ac-
counted for, both ANPP and BNPP increased soil surface carbon (Fig. 5.6c),
presumably through greater plant-derived inputs to the soil (De Deyn et al.,
2008). Grazing intensity also had a strong positive effect (Fig. 5.6c), which
could occur if stimulation of microbial biomass from defoliation-induced in-
creases in root exudation (Hamilton and Frank, 2001; Hamilton et al., 2008)
promotes the formation of soil micro-aggregates by interacting with soil min-
erals, particularly clay particles (Jones and Alison, 2004; Six et al., 2006;
De Deyn et al., 2008). Finally, the positive effect of SLA on surface soil
carbon (Fig. 5.6c) may arise because rhizodeposition and fine root turnover
tend to be greater for faster-growing species (Ryser and Lambers, 1995; De
Deyn et al., 2008), which can in turn enhance soil carbon storage if this
also promotes soil micro-aggregates (De Deyn et al., 2008). This shows that
a trait-based approach should enhance our understanding of the processes
controlling soil carbon storage (De Deyn et al., 2008).
Soil carbon residing at depth provides a more stable carbon pool (Jones
and Alison, 2004). Because very few roots were found beyond 40 cm, the
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amount of soil carbon stored at greater depth (60–80 cm) is expected to origi-
nate mainly through leaching from upper soil layers (Jones and Alison, 2004).
Accordingly, it was primarily driven by surface soil carbon (Fig. 5.6c). How-
ever, soil resource availability also strongly decreased deeper carbon stores
(Figs. 5.6c and 5.12). This may occur if more labile organic matter is re-
turned to the soil under greater resource availability (Wardle et al., 2004; De
Deyn et al., 2008), restricting opportunities for recalcitrant organic matter
to leach to deeper soil layers. Nevertheless, because the amount of carbon
stored in surface soil is much greater than the amount stored at depth in
grasslands (Jones and Alison, 2004), these results suggest that an intermedi-
ate level of fertilisation may promote soil carbon sequestration in temperate
grasslands, echoing previous conclusions (Jones and Alison, 2004; Soussana
et al., 2004).
5.5 Conclusions
The results from this long-term experiment show that land-use intensification
has cascading effects on ecosystem functioning, both through direct effects
of changes to resource availability (Burke et al., 1997; Lambers et al., 2008a)
and grazing (McNaughton et al., 1997), and through the indirect effects of
these environmental forces on plant traits (Grime, 1998; Chapin et al., 2000;
Lavorel and Garnier, 2002; Hooper et al., 2005; Quétier et al., 2007b; Lavorel
et al., 2007) and functional diversity (Díaz and Cabido, 2001; Naeem and
Wright, 2003; Heemsbergen et al., 2004; Hooper et al., 2005). Not only
did soil resource availability have the strongest effect on functioning, but it
also moderated the effect of most other drivers. Indeed, this study provides
strong experimental evidence that the effects of both functional diversity
and herbivores on ecosystem functioning depend on soil resource availability
(Fridley, 2002; Bardgett and Wardle, 2003).
Higher functional and chemical diversity, under the lowest soil resource
availability level (which also sustained the greatest species richness), were
associated with lower ANPP and decomposition rates. This suggests that
the link between biodiversity and ecosystem functioning provides a poor ar-
gument for conservation (Srivastava and Vellend, 2005), at least in these
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grasslands. However, functional diversity can be important for ecosystem
functioning, even against the background of other abiotic and biotic drivers
(Huston and McBride, 2002; Srivastava and Vellend, 2005), provided there
are sufficient soil resources (Fridley, 2002). Therefore, this study support the
idea that functionally diverse species mixtures offer a promising avenue for
improving the efficiency of production systems, such as intensive pastures
(Sanderson et al., 2004, 2007) or biofuel crops on abandoned agricultural
land (Fargione et al., 2008).
Grasslands are expected to undergo rapid intensification of grazing pres-
sure and fertiliser use in the coming decades to meet the growing global
demand for livestock products (Bouwman et al., 2005). The results from this
study suggest that increasing grazing pressure in marginal grasslands can
lead to negative feedbacks on ecosystem functioning, potentially compromis-
ing long-term production potential. On the other hand, large concomitant
increases in agricultural inputs and grazing intensity can lead to positive feed-
backs on functioning, yet restrict opportunities for soil carbon sequestration.
This study shows how understanding the direct, indirect, and synergistic ef-
fects of land-use changes on communities and ecosystems should help us to
better assess and balance such inherent trade-offs among multiple ecosystem
functions (DeFries et al., 2004; Foley et al., 2005; Carpenter et al., 2006).
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Chapter VI
Land-Use Intensification Reduces Functional
Redundancy and Response Diversity in Plant
Communities1
6.1 Summary
Ecosystem resilience depends on functional redundancy (the number of species
contributing similarly to an ecosystem function) and response diversity (how
functionally similar species respond differently to disturbance). This study
explores how land-use change impacts these attributes in plant communities,
using data from 18 land-use intensity gradients that represent five biomes
and > 2800 species. Functional groups are identified using multivariate anal-
ysis of plant traits which influence ecosystem processes. Functional redun-
dancy is calculated as the species richness within each group, and response
diversity as the multivariate within-group dispersion in response trait space,
using traits that influence responses to disturbances. Meta-analysis across
all data sets showed that land-use intensification significantly reduced both
functional redundancy and response diversity, although specific relationships
varied considerably among the different land-use gradients. These results
indicate that intensified management of ecosystems for resource extraction
can increase their vulnerability to future disturbances.
1 This Chapter has been published as:
Laliberté, E., Wells, J. A., DeClerck, F., Metcalfe, D. J., Catterall, C. P., Queiroz,
C., Aubin, I., Bonser, S. P., Ding, Y., Fraterrigo, J. M., McNamara, S., Morgan, J. W.,
Sánchez-Merlos, D., Vesk, P. A. and Mayfield, M. M. (2010). Land-use intensification
reduces functional redundancy and response diversity in plant communities. Ecology
Letters 13:76–86.
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6.2 Introduction
The unprecedented rates and global extent of current biodiversity loss (Pimm
et al., 1995) have prompted a rapidly growing body of research exploring its
functional consequences (Chapin et al., 2000; Loreau et al., 2001; Hooper
et al., 2005). Although experimental studies have shown positive relation-
ships between biodiversity and the rates or stability of various ecosystem
functions (Balvanera et al., 2006), many of these studies have been criticised
as marginally relevant to policy and management because they used random
synthetic assemblages of species without considering the actual drivers of bio-
diversity loss (Srivastava and Vellend, 2005; Larsen et al., 2005; Leps, 2004).
Moreover, most of these studies have presented species richness as their only
measure of biodiversity (Balvanera et al., 2006) and did not assess functional
diversity as a more direct and mechanistic link to ecosystem processes (Díaz
and Cabido, 2001; Hooper et al., 2005).
In particular, a key aspect of functional diversity that has generated much
interest is the variability of responses to environmental change among species
that contribute similarly to ecosystem function (Chapin et al., 1997; Yachi
and Loreau, 1999; Norberg et al., 2001; Naeem and Wright, 2003). This im-
portant yet largely unexplored facet of functional diversity has been termed
“response diversity”, and is considered crucial for ecosystem renewal and reor-
ganization following disturbances (Chapin et al., 1997; Elmqvist et al., 2003).
Response diversity represents the first safeguard against the loss of ecosys-
tem functions and services in a changing world (Elmqvist et al., 2003; Folke
et al., 2004). For example, in Californian serpentine grasslands, long-term
studies over > 20 years showed that diverse responses of component species
to rainfall variation and prolonged drought resulted in greater stability of
primary production in the face of changing external conditions (Hobbs et al.,
2007).
Response diversity has developed from the earlier concept of functional
redundancy (Walker, 1992; Lawton and Brown, 1993; Naeem, 1998). If there
are sets of co-existing species whose ecological effects are similar, then any
given species pool may be classified into “functional effect groups”, based on
the traits which determine these effects (Hooper et al., 2002; Lavorel and
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Garnier, 2002). The degree of redundancy within a functional effect group is
the number of species it contains (Walker, 1992; Naeem, 1998). High redun-
dancy provides resilience (sometimes called “insurance”) against the loss of
functions and services provided by that group if different species show com-
pensatory responses following environmental change (Naeem, 1998). This
view, however, is only valid if species richness corresponds directly to re-
sponse diversity. This relationship cannot be assumed. If, for example, a
large number of species within an effect group respond similarly to distur-
bance or environmental change, then functional redundancy would appear to
be high even though response diversity is low (Elmqvist et al., 2003).
Despite calls to quantify how human-driven changes in biodiversity al-
ter the ability of ecosystems to cope with future environmental change (e.g.,
Chapin et al., 1997; Scheffer et al., 2001; Folke et al., 2004; Foley et al.,
2005), conceptual and theoretical development still greatly outpaces empir-
ical application. So far, some field studies have demonstrated the existence
of response diversity in plant or animal communities by observing responses
to an anthropogenic disturbance event, but none has yet asked how response
diversity itself can be altered by human activities. For example, Walker et al.
(1999) found evidence for response diversity in an Australian rangeland by
observing that minor plant species took over the functional roles of the dom-
inant species following long-term grazing. Similarly, native bee communities
in watermelon fields were shown to harbour elements of differing responses
following the partial clearance of adjacent native vegetation cover, stabilizing
pollination services to crops (Winfree and Kremen, 2009). While both stud-
ies have illustrated response diversity, neither have attempted to quantify
how it can be impacted.
Globally, changing land-use patterns is the most important driver of bio-
diversity loss (Sala et al., 2000). Land-use change involves two main impacts
on the biosphere: conversion (i.e., natural habitats altered for human use)
and intensification (e.g., greater intensity and/or frequency of disturbance,
increased use of external inputs; Foley et al., 2005). While the global im-
pact of land-use change on species loss can be quantified (Pimm and Raven,
2000), its impacts on functional diversity and the long-term provisioning
of ecosystem services remain much less clear. Recent studies have demon-
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Figure 6.1: Map of study regions contributing to the meta-analysis. The
map shows the major biome of each region, the number of distinct land-use
intensity gradients, and total number of species (in parentheses).
strated changes in functional diversity of plant or animal assemblages in
human-modified landscapes (e.g., Mayfield et al., 2006; Flynn et al., 2009),
but none has yet examined how land-use change affects response diversity in
particular.
This study explores how land-use change impacts plant functional redun-
dancy and response diversity through a meta-analysis of 18 land-use intensity
gradients from five biomes and nine countries, comprising more than 2800
species (Fig. 6.1). The intensification gradients include forest conversion to
pasture, rangeland development, and logging regimes differing in intensity or
frequency. A hierarchical effect-response functional trait framework (Hooper
et al., 2002) is followed to measure response diversity based on the distinction
between effect traits and response traits (Naeem and Wright, 2003; Hooper
et al., 2002; Lavorel and Garnier, 2002; Suding et al., 2008). Species are first
classified within each land-use intensity gradient into functional effect groups,
using 12 traits that affect biogeochemical processes. The response diversity
of each effect group is then quantified as the dispersion of its constituent
species in response trait space, using 12 traits that affect plant responses to
disturbances. The results show that land-use intensification generally leads
to reductions in both response diversity and functional redundancy, thereby
reducing ecosystem resilience to future disturbances.
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Study Biome Land-use intensity gradient Reference(s)
Australia / Tully TR Forest disturbance, clearance Unpublished data
Australia / Mungalli TR Forest conversion to pasture Unpublished data
Australia / Atherton TR Forest conversion to pasture/agriculture (Kanowski et al., 2003)
Australia / QLD STR Forest conversion to pasture/agriculture (Kanowski et al., 2003)
Australia / NSW STR Forest conversion to pasture/agriculture (Kanowski et al., 2003)
China / Hainan lowland TR Logging or shifting agriculture (Ding and Zang, 2009)
China / Hainan montane TR Logging or shifting agriculture (Deng et al., 2008)
Laos TR Shifting agriculture (Sheil et al., 2003)
Costa Rica / Las Cruces TR Forest conversion to pasture (Mayfield et al., 2005, 2006)
Costa Rica / La Palma TR Forest conversion to pasture (Mayfield et al., 2005, 2006)
Costa Rica / Puerto Jimenez TR Forest conversion to pasture (Mayfield et al., 2005, 2006)
Nicaragua / Matiguas TR Forest conversion to pasture (Sánchez et al., 2005b)
Nicaragua / Rivas TR Forest conversion to pasture (Sánchez et al., 2005a)
New Zealand TG Fertilisation, irrigation, grazing intensity (this thesis; Scott, 1999)
Australia / NSW TW Logging, thinning, grazing (Thompson and Eldridge, 2005)
Portugal TF Forest conversion to pasture Unpublished data
Canada / Québec TF Forest logging, conversion to pasture (Aubin et al., 2007, 2009)
USA / North Carolina TF Forest logging, conversion to pasture (Pearson et al., 1998)
Table 6.1: Summary of the 18 data sets included in this meta-analysis. STR
= sub-tropical rainforest, TF = temperate forest, TG = temperate grassland,
TR = tropical rainforest, TW = temperate woodland.
6.3 Materials and Methods
6.3.1 Study Regions
The data used in this study came from 18 land-use intensity gradients (Ta-
ble 6.1), each from geographically distinct landscapes within 10 different re-
gions around the globe (Fig. 6.1). These 18 studies covered five biomes (trop-
ical rainforest, sub-tropical rainforest, temperate forest, temperate woodland,
and temperate grassland) in a total of nine countries (Australia, Canada,
China, Costa Rica, Laos, New Zealand, Nicaragua, Portugal, and the United
States of America; Fig. 6.1). Datasets used in this study were made avail-
able to us by participants in an ARC-NZ vegetation function working group
(http://www.vegfunction.net).
To identify appropriate data sets, coordinators of this working group ap-
proached ecologists who had published results on plant species and functional
diversity from a human-altered landscapes. The aim was to identify appro-
priate data sets from diverse regions of the world, but not more than three
data sets for any one global region. Of the data sets initially made available
for this project, 18 studies proved appropriate for analysis. Datasets were
used for the analyses if they included a survey of plant communities within
a well-defined local geographic region, across plots representing a gradient
of at least three land-use intensities relevant to that landscape, e.g., from
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primary rainforest to logged sites or shifting cultivation fallows, or from un-
grazed sub-alpine grasslands to heavily fertilised and grazed sites, and had
equal sampling at each study site.
Land-use intensity was ranked on an ordinal scale specific to each land-
scape according to the intensity and/or frequency of disturbance (i.e., biomass
removal) and external inputs (e.g., fertiliser). Vegetation was surveyed in one
to 24 plots per land-use intensity, depending on the study. Within each study,
standardised sampling methods were used to ensure consistent sampling of
all plots. The vegetation surveys included all vascular terrestrial species,
except in six studies which focused on particular life-forms (e.g., herbaceous
or trees/shrubs) or plants within given size limits (e.g., all plants > 1 cm
diameter at breast height).
6.3.2 Plant Functional Traits
A common set of standardised functional traits (Table 6.2) was compiled to
allow meaningful comparisons between the 18 data sets used in this study.
In many cases, trait data were transformed and/or reclassified using traits
gathered for the original studies. When this was not possible, new trait data
were obtained from published sources or from herbarium specimens. Each
individual study had between seven and 16 out of a possible 22 traits. Across
all data sets, the functional trait analysis included 2871 species from 1290
genera and 255 families.
A crucial step in the methodological approach was to distinguish between
effect and response traits (Table 6.2). This distinction is fundamental to the
concept of response diversity (Hooper et al., 2002; Naeem and Wright, 2003).
Effect traits were defined as traits that influence biogeochemical processes,
while response traits were primarily regenerative traits that influence how
species respond to disturbances (Lavorel and Garnier, 2002). Distinguishing
between effect and response traits can be challenging (Suding et al., 2008).
To guide this assessment, the recommendations of Cornelissen et al. (2003)
for which traits fall into these categories were followed. Twelve effect and 12
response traits were designated, two of which were classified as relevant to
both categories (Table 6.2).
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Functional trait E/R Type Units Number of studies
Growth form E Nominal - 17
Height E Continuous m 15
Leaf dry matter content (LDMC) E Continuous mg g−1 2
Leaf nitrogen concentration (LNC) E Continuous mg g−1 1
Leaf phenology E Nominal - 11
Leaf phosphorous concentration (LPC) E Continuous mg g−1 1
Leaf area E Continuous mm2 14
Leaf sulphur concentration (LSC) E Continuous mg g−1 1
Photosynthetic pathway E/R Nominal - 8
Specific leaf area (SLA) E Continuous m2 kg−1 10
Wood density E/R Continuous kg m−3 12
Nutrient uptake strategy E/R Nominal - 13
Age of reproduction R Ordinal - 1
Clonality R Nominal - 10
Dispersal mode R Nominal - 18
Lifespan R Ordinal - 8
Maximum propagule longevity R Ordinal - 7
Physical defence R Nominal - 14
Pollination syndrome R Nominal - 15
Raunkiaer life form E/R Nominal - 7
Resprouting ability R Nominal - 9
Seed mass R Continuous mg 17
Table 6.2: Plant functional effect (E) and response (R) traits used in the
analysis, and number of studies that included each trait.
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6.3.3 Functional Redundancy and Response Diversity
The methodological approaches to measuring functional redundancy and re-
sponse diversity are illustrated in Figures 6.2 and 6.3, respectively. For each
data set, a Gower dissimilarity matrix was computed between all species
(Figs. 6.2a and 6.3a), using effect traits (Table 6.2). This measure was
chosen because it allows mixed variable types (continuous, ordinal, and cat-
egorical), as well as missing values (Legendre and Legendre, 1998; Podani,
1999). Effect traits were selected from the list in Table 6.2, excluding any
traits that had very low coverage (> 50% missing values) or showed little or
no variability; this was done on a per study basis.
Species were classified into functional effect groups using Ward’s mini-
mum variance clustering on the Gower dissimilarity matrix computed from
effect traits (Figs. 6.2b and 6.3b). Ward’s clustering method minimises
within-group sums of squares and tends to form hyperspherical clusters with
roughly the same number of species per cluster if species are evenly dis-
tributed in trait space (Legendre and Legendre, 1998). The actual number
of effect groups for each data set was determined by visual inspection of the
clustering dendrogram according to expert botanical knowledge, following
Aubin et al. (2009).
Effect group membership was assigned to all species present in each plot
(Figs. 6.2c and 6.3d), and the functional redundancy (number of species
within an effect group; Fig. 6.2d) and response diversity of each effect group
in each plot were estimated (Fig. 6.3c–e). Response diversity of each effect
group was quantified by measuring the multivariate functional dispersion
(see Chapter 2) of its constituent species in response trait space, based on a
Gower dissimilarity matrix of species computed from response traits (Table
6.2). As with effect traits, the number and identity of response traits varied
by data set.
Because FDis is the average distance of individual species to their group
centroid in response trait space, it is little influenced by species number (see
Chapter 2), contrary to other indices such as functional richness (FRic; Vil-
léger et al., 2008) or functional attribute diversity (FAD; Walker et al., 1999)
which are strongly positively influenced by the number of species. Therefore,
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Figure 6.2: Overview of the methodological approach used to quantify
changes in functional redundancy (FR) across a land-use intensity gradi-
ent. A species × species Gower dissimilarity matrix is computed from effect
traits (a), from which species are classified into functional effect groups based
on Ward’s minimum variance clustering (b). For each sampling plot within
each land use (c), FR is measured as the number of species within each group
(d). Values are calculated for each effect group in each survey plot, and these
values are ranked within effect groups to control for inter-group differences
(d). For clarity, the example shows one effect group from one plot for each
land-use intensity (the actual studies surveyed 1 to 24 plots per land-use in-
tensity). Pearson correlation coefficients (r) are calculated between land-use
intensity and ranked-within-group FR (e). The correlation coefficients from
each study are then used as the effect sizes in the meta-analyses. For clarity,
the diagram emphasises one particular functional effect group (in black) for
steps c–e, although the same steps were performed for each of the other effect
groups (in grey). The 24 data points in (e) represent six effect groups × four
land-use types, and are jittered so that all can be viewed.
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Figure 6.3: Overview of the methodological approach used to quantify
changes in response diversity (RD) across a land-use intensity gradient. A
species × species Gower dissimilarity matrix is computed from effect traits
(a), from which species are classified into functional effect groups based on
Ward’s minimum variance clustering (b). Species can also be represented in
response trait space, based on their response traits (c). For each sampling
plot within each land use (d), RD is measured as the functional dispersion
of these species in response trait space (e). Values are calculated for each
effect group in each survey plot, and these values are ranked within effect
groups to control for inter-group differences (e). For clarity, the example
shows one effect group from one plot for each land-use intensity (the actual
studies surveyed 1 to 24 plots per land-use intensity). Pearson correlation
coefficients (r) are calculated between land-use intensity and ranked-within-
group RD (f). The correlation coefficients from each study are then used as
the effect sizes in the meta-analyses. For clarity, the diagram emphasises one
particular functional effect group (in black) for steps c–f, although the same
steps were performed for each of the other effect groups (in grey in c and e).
The 24 data points in (f) represent six effect groups × four land-use types,
and are jittered so that all can be viewed.
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the use of FDis ensured that the response diversity measure was not trivially
related to functional redundancy.
The index of response diversity was purposefully not weighted by species
relative abundances because rare species may contribute substantially to re-
silience (Walker et al., 1999). A decrease in multivariate dispersion in re-
sponse trait space (i.e., a loss of response diversity) for a given effect group
means that its composition has shifted towards species that are more similar
to each other in how they respond to disturbance, thereby indicating a loss
of resilience. If, in a given plot, an effect group contained no species or only
one species (in which case no multivariate dispersion can be computed), it
was assigned a response diversity value of zero.
6.3.4 Meta-Analysis
For each of the 18 data sets (Table 6.1), all effect groups from all plots were
used as individual observations. Therefore, the total number of observations
is equal to the number of effect groups multiplied by the total number of
plots, each plot representing an independent measurement. First, response
diversity and functional redundancy were ranked between plots within each
effect group to control for inter-group differences (e.g., as 1 to 10 if there
were 10 plots; Figs. 6.2d and 6.3e). The Pearson correlation coefficient
between land-use intensity (ordinal variable with different number of classes,
depending on the data set) and either ranked within-group response diversity
(Fig. 6.3f) or ranked within-group functional redundancy was then computed
(Fig. 6.2e). This is conceptually equivalent to using the Spearman rank
correlation, with the exception that ranking occurs within each group and not
across all groups. Correlation coefficients were used as effect sizes in a formal
meta-analysis across all data sets using the random-effect DerSimonian-Laird
approach (Schulze, 2004). The aims with these meta-analyses were to: (i)
estimate the mean effect of land-use intensification on response diversity and
functional redundancy across all studies, and (ii) test the null hypotheses
that land-use intensification has no effect on response diversity or functional
redundancy.
In contrast to meta-analytical approaches based on fixed-effect models,
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the DerSimonian-Laird approach is more conservative and shows an accept-
able Type-I error rate when individual studies differ substantially (Schulze,
2004). Importantly, fixed-effect models limit inference to the sample in hand,
while random-effect models allow more general inferences about a wider pop-
ulation. In the DerSimonian-Laird approach, correlations are first trans-
formed using Fisher’s z-transformation,
zr =
1
2
ln
(
1 + r
1− r
)
where r is the Pearson correlation coefficient. The asymptotic variance of
zr is calculated as vz = 1(n−3) , where n is the sample size (number of effect
groups × number of plots; Fig. 6.2e and 6.3f). Unlike r which is bounded
between −1 and 1, zr ranges from −∞ to +∞. Negative values of zr indicate
a negative association between response diversity (or functional redundancy)
and land-use intensity. The mean effect size represents the average rela-
tionship between land-use intensity and the response diversity or functional
redundancy of all effect groups from all 18 studies. 95% confidence intervals
were computed as described by Schulze (2004). The metacor package (Lal-
iberté, 2009) for R (R Development Core Team, 2010) was used to perform
meta-analysis.
6.3.5 Null Models
To explore whether changes in response diversity could be distinguished from
changes in functional redundancy, a null model approach was used. For each
effect group in each community, a null distribution of 999 response diversity
values was generated by randomly selecting species within the entire group
while holding species number (i.e., functional redundancy) constant. Tests
exploring whether the observed response diversity value for that effect group
within each land use was lower than the null distribution at α = 0.05 were
performed. Groups containing zero or only one species, or groups containing
all possible species from that group, were excluded since no meaningful null
distributions could be generated in these cases. A larger occurrence of cases
where response diversity is significantly (P ≤ 0.05) lower than expected
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from the null distribution following land-use intensification would suggest
the creation of novel environmental filters limiting the breadth of species
responses to disturbances within effect groups.
6.4 Results
The number of functional effect groups identified in each study ranged from
two to 11, based on multivariate clustering analyses. Functional effect groups
were generally distinguished by growth form, with further subdivisions pro-
vided by differences in nutrient uptake strategy, height, specific leaf area,
or photosynthetic pathway. Land-use intensification was associated with an
overall loss of functional redundancy in 13 out of 18 data sets, with zr values
ranging from −1.234 to 0.122 (Fig. 6.4a). Nine of the 13 negative zr values,
and only one of the five positive zr values, were significantly (P ≤ 0.05)
different from zero (Fig. 6.4a). The mean effect size was -0.286 and differed
significantly from zero (P ≤ 0.0001; Fig. 6.4a), leading to the rejection of no
change, and to the conclusion that functional redundancy declined at higher
land-use intensities on average.
The relationship between land-use intensity and the response diversity of
all effect groups within a given data set was negative in 9 out of 18 data
sets and ranged from −0.430 to 0.201 (Fig. 6.4b), although only five of
the negative and one of the positive zr values were significantly (P ≤ 0.05)
different from zero (Fig. 6.4b). The mean effect size was −0.089, leading
to rejection of the null hypothesis of no change in response diversity under
land-use intensification (P = 0.046; Fig. 6.4b). This indicates that overall,
and within several of the ecosystems studied, response diversity was reduced
as land use intensified.
Although the FDis index used to measure response diversity is by con-
struction little influenced by species richness (see Chapter 2), meta-analysis
showed that response diversity and functional redundancy were positively as-
sociated in 14 out of 18 studies (z¯r = 0.631, P ≤ 0.0001; Fig. 6.5). This was
reflected in the similarity of results for functional redundancy (Fig. 6.4a)
and response diversity (Fig. 6.4b). There was no evidence that response
diversity was lower than expected from a null distribution as land use inten-
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a b
Figure 6.4: Meta-analyses of the effect of land-use intensification on (a) func-
tional redundancy and (b) response diversity along 18 land-use intensity gra-
dients. Effect sizes zr are z-transformed Pearson correlation coefficients (r)
between land-use intensity and ranked within-group functional redundancy
or response diversity, following the DerSimonian-Laird approach. A negative
value of zr indicates a decrease in functional redundancy or response diver-
sity as land use intensifies. Box size is proportional to the weight given to
each study, based on sample size and variance. Grey lines are 95% confidence
intervals (CI). The dashed grey line represents the null hypothesis. The sum-
mary statistic is represented by a black diamond whose width corresponds
to its 95% CI. TR = tropical rainforest, STR = sub-tropical rainforest, TG
= temperate grassland, TW = temperate woodland, TF = temperate forest.
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Summary
Figure 6.5: Meta-analysis of the association between response diversity and
functional diversity across 18 land-use intensity gradients. Effect sizes zr
are z-transformed Pearson correlation coefficients between response diversity
and functional redundancy, following the DerSimonian-Laird approach. See
Figure 6.4 for details.
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Figure 6.6: Percent of cases in each land-use intensity class where an effect
group had a significantly (P ≤ 0.05) lower response diversity than would be
expected from a null distribution of values (representing random sampling of
the same number of species as observed in each effect group in each land-use
class).
sified (Fig. 6.6). On the contrary, in more than half of the studies (10 out of
18) response diversity was lower than expected most frequently in the least
modified habitats (Fig. 6.6).
While meta-analysis pointed to general reductions in response diversity
and functional redundancy under land-use intensification, patterns of individ-
ual effect groups included positive, negative, and more complex relationships
(Figs. 6.7 and 6.8). Studies where land-use intensification led to relatively
consistent reductions in the response diversity of individual effect groups
(e.g., Australia / NSW sub-tropical rainforest and New Zealand grassland;
Fig. 6.7) were the exception rather than the rule, as it was far more common
for reductions in some groups to co-occur with minor or even large increases
in others (Fig. 6.7). Similarly varied results were obtained for functional re-
dundancy, though several studies showed more consistent reductions across
groups (Fig. 6.7).
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Figure 6.7: Response diversity (RD) of individual functional effect groups
under increasing land-use intensity (LUI) for each of the 18 studies. For
clarity, individual data points are omitted and only loess-smoothed curves
are shown (span = 0.9). In each graph, curves of different colors represent
different effect groups. RD is ranked within each effect group. zr, the effect
size used in the meta-analysis, is the z-transformed Pearson correlation co-
efficient (r) between RD and LUI computed from all effect groups. Graphs
are laid out in increasing order of zr, from left to right.
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Figure 6.8: Functional redundancy (FR) of individual functional effect groups
under increasing land-use intensity (LUI) for each of the 18 studies. See
Figure 6.7 for details. To facilitate comparisons, graphs are laid out as in
Figure 6.7.
6.5 Discussion
The meta-analysis shows that overall, and for the majority of studies con-
sidered, land-use intensification reduced functional redundancy and the di-
versity of responses to disturbance within groups of plants that have similar
effects on biogeochemical processes (functional effect groups). Given the
importance of functional redundancy and response diversity to ecosystem
resilience (Walker, 1995; Elmqvist et al., 2003; Folke et al., 2004), this sug-
gests that land-use intensification increases the vulnerability of functional
effect groups to future disturbances. This occurs by reducing the number
of species in each group (functional redundancy), and by reducing the re-
sponse trait dispersion of each functional group (response diversity). These
results support the view that maximising commodity supply (e.g., food, fuel,
fibre, and timber) in the short term through intensified land management
may jeopardise the long-term provisioning of ecosystem functions or services
(Foley et al., 2005).
It is also important to recognise that ecosystems support multiple func-
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tions simultaneously and require greater biodiversity than would be needed
to sustain a single service (Hector and Bagchi, 2007). This capacity for provi-
sion of multiple services is best represented in the studies by the consideration
of diverse traits, and their distributions in trait space. Because different func-
tions are affected by variably distinct or overlapping sets of species, a focus
on individual processes in isolation will underestimate levels of biodiversity
required to maintain multifunctional ecosystems. As such, while this study
does not address the resilience of any single service, its results do support
the notion that the resilience of the suite of services offered by natural and
semi-natural systems is compromised by land-use intensification.
The observed loss of functional redundancy is consistent with existing
views of land-use intensification as one of the most important drivers of
species loss worldwide, through its simplification of ecosystem structure (Sala
et al., 2000; Pimm and Raven, 2000). For example, loss of functional redun-
dancy in bird communities following land-use intensification in south-eastern
Australia has been attributed to habitat simplification at the landscape scale
(Fischer et al., 2008b). The more striking result to emerge from this study
is the loss of response diversity under land-use intensification. The response
diversity index (i.e., FDis; see Chapter 2) used in the present study in theory
should be little influenced by functional redundancy. However, in practice
the two measures were found to be positively associated. Moreover, response
diversity was not lower than expected from a null distribution as land use
intensified; in fact the opposite pattern was often observed. Taken together,
these results invite the interpretation that sampling effects are the predom-
inant cause of observed losses in response diversity under land-use intensi-
fication, where lower species richness decreases the probability of observing
species with extreme trait values, tending to a narrower distribution. How-
ever, it is likely that the response traits are the objects of selection, and that
species loss occurs because the traits are non-viable under changed condi-
tions. It is not possible to distinguish these alternative interpretations with
these analyses.
The results show that response diversity can increase or remain similar
even concurrent with declines in functional redundancy, as seen for several
individual effect groups, and also at the study-level in four data sets that
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showed increases in response diversity with land-use intensification despite
losses in functional redundancy (Fig. 6.4). Although such cases were rare,
this suggests that response diversity can be maintained with lower levels of
species richness if the remaining species are widely dispersed in response trait
space.
Several studies showed no net impact of land-use intensification on re-
sponse diversity or functional redundancy, and one even showed increases
in both variables (Costa Rica / Puerto Jimenez). This may reflect, how-
ever, the focus of the Costa Rican studies on herb/shrub life-forms within
a formerly forested landscape, where land-use intensification effectively cor-
responds to removal of trees and prevention of their re-establishment. This
major, selective change in ecosystem structure may result from an alteration
of environmental filters and enable establishment of herbaceous species with
wider trait distributions than observed in closed forest (Mayfield et al., 2005,
2006). Extensive variation across effect groups and ecosystems suggests that
the trajectories of change under land-use intensification depend jointly on the
existing flora and disturbance regimes. Exploring which factors determined
the response of individual effect groups to land-use intensification should be
fertile ground for future empirical work, alongside questions on what parts
of the response trait space are maintained or lost, and on the roles of spatial
context and colonisation in the resilience of a focal ecosystem.
This study provides the first examination of how land-use change impacts
response diversity. While it offers new insight, the effect-response framework
used in this study presents some methodological challenges. First, it requires
the assembly of a complete effect and response functional trait database for
all (or most) species present in a community. This task may become easier as
trait data sets covering large numbers of species are made accessible to the
wider scientific community (e.g., Kleyer et al., 2008). Second, functional clas-
sifications should be based on traits that relate as directly as possible to an
ecosystem function of interest (Naeem and Wright, 2003), yet we rarely know
a priori exactly which traits are the most important (Petchey and Gaston,
2006). Further, we need to be sure that the response traits actually reflect
differential responses to disturbances. Finally, classifying species into func-
tional effect groups assumes some level of functional redundancy (Naeem and
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Wright, 2003), but this should not always be taken for granted (Micheli and
Halpern, 2005; Petchey et al., 2007), even in high-diversity systems (Bell-
wood et al., 2003). Indeed, redundancy is specific to particular functions
and depends on the traits selected and methods for classification (Rosenfeld,
2002). Identifying effect groups involves an element of subjectivity, though
decisions are based on the best-available ecological knowledge of the species
considered (Aubin et al., 2009).
In this study species were classified based on their effect on biogeochemi-
cal processes such as primary productivity, litter decomposition, and nutrient
cycling. The reason for this is two-fold. First, many ecosystem services di-
rectly depend on biogeochemical processes (Quétier et al., 2007b; Díaz et al.,
2007a). Second, focusing on the traits that influence biogeochemical pro-
cesses, on which some scientific consensus has emerged (Cornelissen et al.,
2003), yielded a common currency for exploring changes in response diver-
sity and functional redundancy under land-use intensification across a wide
range of different ecosystems and biomes. An emerging frontier for further
research will be a more targeted application of this methodological framework
to groups of species that perform specific provisioning (e.g., forage produc-
tion), cultural (e.g., native biodiversity), or regulating (e.g., flood intercep-
tion) ecosystem services (Luck et al., 2009). Although recent progress has
been made in identifying the links between plant traits and specific ecosystem
services (Quétier et al., 2007a), this remains an important challenge for im-
proving our understanding of how humans impact natural ecosystems (Díaz
et al., 2007a).
6.6 Conclusions
There is an urgent need for ecologists to measure and predict how human
activities erode response diversity and ecosystem resilience (Scheffer et al.,
2001; Elmqvist et al., 2003; Folke et al., 2004) in order to detect early signs of
ecological change before abrupt shifts occur (Scheffer et al., 2001). Through
meta-analysis of 18 land-use intensity gradients from five biomes and nine
countries, this study showed that land-use intensification was generally as-
sociated with a reduction in functional redundancy and response diversity
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within groups of species that make similar contributions to ecosystem pro-
cesses. Therefore, land-use intensification may decrease the resilience of
ecosystems to future disturbances. Despite this general finding, responses of
individual effect groups to land-use intensification within and across studies
varied widely. Understanding the drivers of these patterns is a key direction
for future research, especially to assess trade-offs or inter-dependence among
ecosystem services under land-use change (DeFries et al., 2004; Foley et al.,
2005). Quantifying response diversity within groups of species that perform
particular services is a promising approach for assessing how vulnerable these
services will be in an uncertain future, but more work is needed to develop our
understanding of how environmental filters are involved in land-use change
and the consequences losses of response diversity through human pressures.
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Chapter VII
Conclusions
The main underlying theme of this thesis was that approaches based on
functional traits (sensu Violle et al., 2007) may help us to better under-
stand and predict changes in biodiversity in response to land-use change
(Gross et al., 2007; Quétier et al., 2007b), as well as its potential feedbacks
to ecosystem functions and services (Lavorel and Garnier, 2002; Díaz et al.,
2007a; Suding et al., 2008) and ecosystem resilience to future environmental
change (Elmqvist et al., 2003; Folke et al., 2004). The focus was on graz-
ing systems, which are expected to undergo rapid intensification in fertiliser
use and grazing pressure in the coming decades (Bouwman et al., 2005) to
meet the growing global demand for livestock products (FAO, 2005). In par-
ticular, much of the work presented in this thesis focused on a long-term
(27-year) experiment in which soil resource availability and grazing intensity
were manipulated (Scott, 1999, see also Chapter 3).
This thesis was organised into five main chapters. First, a flexible frame-
work for measuring different facets of functional diversity was described, and
a new multidimensional functional diversity index, called functional disper-
sion (FDis), was also presented. Second, two vegetation sampling meth-
ods were compared with regard to their ability to detect changes in vegeta-
tion composition. Third, shifts in plant trait distributions following land-use
changes were quantified and compared to null models, and a maximum en-
tropy approach was used to quantify the direction and strength of selection
on each trait. Fourth, it was shown that these shifts in trait distributions
have cascading effects on primary production, litter decomposition, soil res-
piration, and ultimately, soil carbon sequestration. Finally, data from 18
land-use intensity gradients were used to show that land-use intensification
reduces functional redundancy and response diversity, two components of
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biodiversity that are thought to influence ecosystem resilience to future dis-
turbances.
In this concluding chapter, the main findings from each chapter are sum-
marised. Some future directions for trait-based research are then highlighted.
Finally, general conclusions from the thesis, as well as some implications for
management, are presented.
7.1 Summary
7.1.1 Measuring Functional Diversity
In Chapter 2, a highly flexible distance-based framework for measuring func-
tional diversity from multiple traits was proposed. It allows one to measure
different facets of functional diversity in multidimensional trait space from
any distance or dissimilarity measure, any number of traits, and from differ-
ent trait types (i.e., quantitative, semi-quantitative and qualitative), while
also allowing for missing trait values and the weighting of individual traits.
The need for abundance-weighted functional diversity metrics that describe
the multivariate dispersion of species in multivariate trait space was empha-
sised, and a new multidimensional functional diversity index, called func-
tional dispersion (FDis), was presented; this index is closely related to Rao’s
quadratic entropy (Rao, 1982; Botta-Dukát, 2005). FDis is the multivariate
analogue of the weighted mean absolute deviation, in which the weights are
species relative abundances. On the other hand, Rao’s quadratic entropy is
the multivariate analogue of the weighted variance. Therefore, FDis will be
less affected than Rao’s quadratic entropy by species with extreme trait val-
ues. In addition, for unweighted presence-absence data, FDis can be used for
a formal statistical test of differences in functional diversity using distance-
based tests of homogeneity of multivariate dispersions (Anderson, 2006). The
FD R-language package was provided to easily implement this distance-based
functional diversity framework.
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7.1.2 Comparisons of Vegetation Sampling Methods
In Chapter 3, two sampling methods were compared in their ability to de-
tect changes in vegetation composition following rangeland development: (i)
species percent cover estimates within subplots (the percent cover method),
and (ii) rankings of relative biomass of the ten most abundant species across
the whole plot and the ratio of two of them (the visual ranking method). The
results showed that the effect of vegetation sampling method was consistent
across experimental treatments, indicating that both methods were equally
good at detecting differences in vegetation composition following increases
in fertiliser use and grazing pressure in grasslands. Effects of fertiliser on
vegetation composition were an order-of-magnitude greater than the effect
of sampling method, while the latter was twice as important as the effect
of grazing. This reinforces previous findings that soil resource availability
has a much greater impact on vegetation composition than grazing intensity
in these grasslands (Scott, 2001, 2007). Overall, the results from Chapter
3 supported the use of the visual ranking method as a rapid yet powerful
method for monitoring changes in vegetation composition under rangeland
development in grasslands.
7.1.3 Plant Trait Responses
In Chapter 4, trait-based plant community assembly following long-term
shifts in soil resource availability and grazing intensity was explored. Shifts
in trait distributions were measured and compared to null models, and a
maximum entropy approach was used to quantify the direction and strength
of selection on each trait. Some insights into some of the key questions in
trait-based research were obtained. First, the results provided further sup-
port for the importance of the nutrient acquisition–conservation trade-off as
a primary axis of functional variation among plant species (Grime et al.,
1997; Díaz et al., 2004; Wright et al., 2004), and for the presence of dif-
ferences between native and exotic species along that axis (Leishman et al.,
2007), with native species showing a distinct “stress-tolerant” strategy (sensu
Grime, 2002). This last finding probably explains the marked loss of native
plant species with fertilisation in these grasslands (Norton et al., 2006, see
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also Chapter 4), likely due to competitive exclusion from fast-growing exotic
species. This may reflect the particular evolutionary history of New Zealand
grasslands, which prior to human occupation were not maintained by large
mammalian herbivores or fire but were instead confined to marginal low-
productivity sites (McGlone, 2001). On the other hand, previous studies
found that native tussock species can benefit from fertiliser input, at least in
terms of height growth (Scott, 2000a; Norton et al., 2006). While there was
no qualitative evidence for such a pattern from the long-term experiment
used in this thesis, this possibility deserves further attention, particularly
because native tussocks are iconic elements in these landscapes.
Second, the results provided long-term experimental support for the hy-
pothesis that slow-growing species become dominant under nutrient-poor en-
vironments because they hold a long-term advantage through leaf attributes
that reduce nutrient losses (Chapin, 1980; Ryser, 1996; Aerts and Chapin,
2000; Grime, 2002). Third, the relative abundances of plant species from
a common initial species pool were strongly influenced by functional traits
across all experimental treatments, highlighting the importance of traits in
determining relative abundance (Shipley et al., 2006b; Shipley, 2010b; Corn-
well and Ackerly, 2010). Fourth, the direction and strength of selection on
particular traits shifted with soil resource availability and sheep grazing in-
tensity (Sonnier et al., 2010a), showing how different trait-based filters act
under different environmental conditions. Finally, high soil resource availabil-
ity led to strong trait under-dispersion due to competitive exclusion, whereas
low soil resource availability led to trait over-dispersion due to limiting sim-
ilarity. This challenges previous interpretations that trait under-dispersion
should be more prevalent under increasing environmental stress, whereas lim-
iting similarity should be more important in productive environments, where
competition intensity is greatest (Weiher and Keddy, 1995; Weiher et al.,
1998).
7.1.4 Feedbacks to Ecosystem Functioning
In Chapter 5, the response-effect trait framework (Lavorel and Garnier, 2002;
Suding et al., 2008; Díaz et al., 2007a) was used to show that long-term ma-
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nipulations of soil resource availability and grazing intensity in grasslands
cause shifts in plant functional composition and diversity, with cascading
effects on primary production, litter decomposition, soil respiration, and ul-
timately, soil carbon sequestration. The results showed that land-use in-
tensification has cascading effects on ecosystem functioning, both through
direct effects of changes to resource availability (Burke et al., 1997; Lam-
bers et al., 2008a) and grazing (McNaughton et al., 1997), and through the
indirect effects of these environmental forces on plant traits (Grime, 1998;
Chapin et al., 2000; Quétier et al., 2007b) and functional diversity (Díaz and
Cabido, 2001; Naeem and Wright, 2003; Heemsbergen et al., 2004). Not only
did soil resource availability have the strongest effect on functioning, but it
also moderated the effect of most other drivers. Indeed, this study provided
strong experimental evidence that the effects of both functional diversity and
herbivores on ecosystem functioning depend on soil resource availability (Fri-
dley, 2002; Bardgett and Wardle, 2003) as they shifted from negative to pos-
itive with increasing soil resources. In particular, the results from this study
suggest that increasing grazing pressure in marginal grasslands can lead to
negative feedbacks on ecosystem functioning, potentially compromising long-
term production potential. On the other hand, large concomitant increases
in agricultural inputs and grazing intensity can lead to positive feedbacks on
functioning, yet restrict opportunities for soil carbon sequestration. Chapter
5 illustrated how the use of plant traits and functional diversity can help us
to better understand the functional consequences of changes in biodiversity
from land-use intensification (Chapin et al., 2000; Hooper et al., 2005), thus
helping to bridge the gap between community and ecosystem ecology (McGill
et al., 2006).
7.1.5 Biodiversity and Ecosystem Resilience
Chapter 6 explored how land-use intensification impacts functional redun-
dancy and response diversity in plant communities, using data from 18 land-
use intensity gradients that represent five biomes and > 2800 species. Meta-
analysis across all data sets showed that land-use intensification significantly
reduced both functional redundancy and response diversity, although spe-
179
cific relationships varied considerably among the different land-use gradi-
ents. These results suggest that intensified management of ecosystems for
resource extraction may increase the vulnerability to future disturbances of
most functional groups of plant species. Despite the potential significance
of this general finding, it is clear from Chapter 6 that more work is needed
to develop our understanding of how environmental filters are involved in
land-use change, and the consequences losses of response diversity through
human pressures.
7.2 Future Directions
7.2.1 Intraspecific Functional Diversity
Measuring intraspecific variability for many functional traits, on many species
can sometimes be too time-consuming or costly to be logistically feasible. As
a way around this problem, most previous trait-based research, including
many of the analyses presented in this thesis, have relied on the assump-
tion that interspecific variability is much greater than intraspecific variabil-
ity, focusing on mean trait values per species. However, recent work shows
that intraspecific variability can be substantial (Albert et al., 2010), and this
variability may be ecologically important. For example, Clark (2010) showed
that individual (i.e., within-species) variation contributes to species coexis-
tence in temperate forests; such individual variation may be partly due to
intraspecific functional variability. Intraspecific variability can also influence
ecosystem processes, for example litter decomposition rate (Lecerf and Chau-
vet, 2008). In addition, intraspecific variability may promote complementary
resource use, similarly to resource complementarity among species. There-
fore, a stronger consideration of intraspecific functional variability may be
warranted in future trait-based research (Albert et al., 2010).
7.2.2 Modelling Trait Distributions
The data used in many trait-based community ecology research projects typ-
ically consist of (i) species × trait matrices, and (ii) a site × species abun-
dances matrices. From these data, expected trait values (i.e., community-
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weighted trait means) and/or various functional diversity metrics are gen-
erally computed, and then analysed. For example, these variables can be
modelled separately, as done in Chapters 4 and 5. McGill et al. (2006)
have strongly argued that further progress in community ecology will come
through the use of trait-based approaches. However, Webb et al. (2010) re-
cently stated that “traits-based studies arguably give the cumulative impres-
sion of an ad hoc collection of system-specific examples, rather than a body of
literature organized around unifying principles”. Webb et al. (2010) suggest
that a way to unify approaches will be through modelling trait distributions
directly, and using appropriate quantitative methods to test trait-based hy-
potheses. Traits would be measured at the individual level, such that trait
distributions would include both intraspecific and interspecific variation, and
be univariate or multivariate.
The main advantage of this approach is that tying trait distributions to
statistical distributions would give access to the powerful arsenal of tools
available in the maximum-likehood or Bayesian statistical frameworks (e.g.,
likelihood-based model selection approaches). For quantitative traits, us-
ing multivariate continuous distributions such as the multivariate normal
distribution would be interesting, because not only expected values (i.e.,
means) could be modelled, but also variances and covariances as well (Ship-
ley, 2010b). Shifts in trait variances along environmental gradients may
reflect changes in the nature of strength of biotic interactions (Gross et al.,
2009), while shifts in covariances may indicate whether parallel selection for
particular combinations of traits occurs under some environmental conditions
but not others (e.g., maximum height and specific leaf area may strongly co-
vary under high resource availability and low disturbance intensity, yet may
vary independently under lower soil resource availability greater disturbance
intensity). However, for such an approach to become more widely used, ecol-
ogists will need to adapt their field sampling methods and start sampling
traits directly (Gaucherand and Lavorel, 2007), instead of the more widely-
used approach of measuring species abundances and traits separately. The
former approach can actually be more efficient, especially in species-rich sys-
tems (Gaucherand and Lavorel, 2007).
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7.2.3 Belowground Traits
Belowground traits (e.g., specific root length, average rooting depth, presence
of specialised root structures) have received far less attention than above-
ground traits (e.g., specific leaf area) in trait-based community ecology re-
search, yet belowground traits could be particularly important in determin-
ing species abundances, especially in nutrient-limited ecosystems (Lambers
et al., 2008b). Moreover, species coexistence and positive effects of biodi-
versity on ecosystem functioning are often explained in terms of complemen-
tary resource use (Chesson, 2000; Silvertown, 2004; Hooper et al., 2005),
but it is still unclear whether aboveground traits are adequate proxies for
belowground strategies (De Deyn et al., 2008). For example, fast-growing,
“exploitative” species can show a “conservative” belowground strategy, and
vice-versa (Personeni and Loiseau, 2004). In addition, it is being increasingly
recognised that resource partitioning between different inorganic and organic
forms of nitrogen and phosphorous occurs in the field (McKane et al., 2002;
Silvertown, 2004; Turner, 2008; Bever et al., 2010), often facilitated by myc-
orrhizal fungi, but such ecologically important species differences are unlikely
to be captured by “soft” (sensu Hodgson et al., 1999) aboveground traits such
as specific leaf area and leaf nutrient concentrations. Despite the inherent
difficulties associated with measuring belowground traits across a wide range
of species, a stronger focus on belowground traits is needed in future trait-
based research, particularly those traits that show a direct link to nutrient
acquisition.
7.2.4 Extensions to the Maximum Entropy Model
Exploring environment–trait relationships has a long history in ecology (Schim-
per, 1898). What is novel in the maximum entropy model to community
assembly (Shipley et al., 2006b, see also Chapter 4) is that it provides a
logical and mathematical tool (Jaynes, 2003) for predicting the most likely
species relative abundances at a site, given only a set of expected community-
weighted traits (Shipley et al., 2006b). Though the model is promising
(McGill, 2006), several questions and challenges remain:
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Making the model more general The full potential of the maximum
entropy approach to model community assembly rests on our future ability
to predict community-weighted traits along environmental gradients (Shipley
et al., 2007, 2006b). Indeed, it will only be possible to generalise the model
if community-weighted trait means and variances vary predictably along en-
vironmental gradients. Although some recent progress has been made to-
wards this goal (Shipley et al., 2010), this still remains largely unexplored.
Methodological frameworks aimed at predicting community-wide trait distri-
butions (and thus the constraints required by the maximum entropy model)
along environmental gradients (Webb et al., 2010) hold promise. In addition,
it is still unclear whether similar environmental conditions actually lead to
similar trait distributions, regardless of the taxonomic composition of the re-
gional species pool. Exploring this yet untested hypothesis would be possible
through carefully-planned mesocosm experiments (Shipley, 2010b).
Selecting ecologically meaningful traits Traits have to be first selected
based on their ecological relevance for a given system. As previously men-
tioned, belowground traits have yet to receive the full attention they merit.
Chemical traits involved in defence against herbivores could also be impor-
tant (Funk and Throop, 2010) but have been neglected. Moreover, instead
of using highly inter-correlated traits (which can complicate interpretation;
Shipley, 2010b), future studies should first try to screen a larger set of traits
and only use traits that express as many independent axes of functional
variation as possible.
When are traits not enough? Community assembly is not purely deter-
mined by local trait-based selection processes, but also by regional processes
(e.g., dispersal). The maximum entropy model can explicitly consider dif-
ferences in propagule pressure that are simply due to differences in species
abundances across the landscape (Shipley, 2010b). Under what conditions
does it become important to include this demographic element to improve
predictions of the model?
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Interspecific vs intraspecific functional variation Obviously, func-
tional variation is not only present among species, but also within species –
if it were not, evolution through natural selection could not occur. All recent
applications of the model, including the one presented in this thesis (Chapter
4), work under the assumption that interspecific variation is much greater
than intraspecific variation (Shipley et al., 2006b). It is possible to extend
the model by using genotypes instead of species (Shipley, 2010b), but this
has yet to be explored in empirical studies.
Single vs multiple functional optima Using community-aggregated traits
as constraints in the model assumes a single “functional optimum” in the trait
distribution (expressed as the mean). But what if multiple functional optima
of approximately equal fitness were possible (Marks and Lechowicz, 2006),
resulting in multimodal trait distributions? This question requires further
investigation, first to explore whether such situations occur (and if so, when),
and second how to best take them into account in the model.
7.2.5 The Response-Effect Framework and Structural Equation Modelling
The response-effect trait framework (Lavorel and Garnier, 2002; Suding et al.,
2008; Díaz et al., 2007a) implies a series of connected events: changing en-
vironmental conditions drive shifts in trait distributions (means, variances),
which can in turn influence ecosystem functioning. Because structural equa-
tion modelling (SEM) is an attractive way to represent and statistically test
such causal hypotheses (Grace, 2006), it is likely to become an increasingly
popular quantitative method to understand and predict the functional con-
sequences of changing biodiversity. Although the use of SEM in Chapter 5
was limited to single traits (one in each model), which was justified by the
fact that the traits used acted both as response and effect traits, response
and effect traits may not always be the same (Lavorel and Garnier, 2002). In
that case, SEM could be easily extended to consider more than one trait (and
how they relate to each other), similarly to what Shipley et al. (2006a) have
done to explore the fundamental trade-offs that generate the leaf economics
spectrum (Wright et al., 2004). Because of its flexibility and ability to test
complex multivariate hypotheses, a wider use of SEM could greatly benefit
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trait-based research, and contribute to bridging the historical gap between
community and ecosystem ecology (McGill et al., 2006).
7.2.6 Response Diversity of Ecosystem Service Providers
Understanding how human activities influence the long-term provision of
ecosystem services is an important research goal (DeFries et al., 2004; Foley
et al., 2005; Tscharntke et al., 2005; Carpenter et al., 2006; Bennett and
Balvanera, 2007). In Chapter 6, a methodological framework was presented
to measure response diversity, a component of biodiversity that is expected to
influence resilience to future disturbances (Elmqvist et al., 2003; Folke et al.,
2004). However, the link between the functional effect groups formed and the
provision of particular ecosystem services was not clear. Advances in this field
will be made by first identifying groups of “service-provider” species (Luck
et al., 2009), and then estimating response diversity within these groups. In
any case, experimental work is needed to first evaluate the importance of
response diversity to resilience, which has yet to be determined. However,
similarly to some early biodiversity-ecosystem function experiments whose
results have been attributed to “sampling effects” (whereby the effects were
driven by traits of particular species; Huston, 1997), it may be that the
presence of particular response traits is more important than diversity per
se. This hypothesis, however, remains untested.
7.3 Final Conclusions
Much of ecology has developed with species as the fundamental units of
study. However, it has often been suggested that approaches based on func-
tional traits are required to transform ecology into a more general, predictive
science (Keddy, 1990; McGill et al., 2006; Webb et al., 2010). The research
presented in this thesis illustrated how trait-based approaches to ecology can
help us to understand changes in plant biodiversity following land-use inten-
sification, and how these changes in plant biodiversity translate into effects
on ecosystem functioning and ecosystem resilience. In the grasslands studied
here, increased production through fertilisation strongly conflicts with plant
biodiversity conservation; this is because native species exhibit a conservative
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nutrient acquisition and use strategy, making them less competitive under
the increased soil resources associated with fertilisation than faster-growing
exotic species.
Changes in plant biodiversity following increases in soil resource avail-
ability and grazing pressure, in turn, influence the rates of ecosystem pro-
cesses (primary production, litter decomposition, and soil respiration), and
ultimately, soil carbon sequestration. Intermediate levels of fertilisation pro-
moted soil carbon sequestration, yet high levels of fertilisation and irrigation
actually reduced the potential of soils to store carbon, despite greatly in-
creasing plant production (and thus agricultural potential). This indicates
that a potential win-win situation between two ecosystem services, agricul-
tural production and soil carbon sequestration, is possible at intermediate
levels of fertilisation. On the other hand, fertilisation and grazing together
appear to be largely incompatible with native plant biodiversity conservation
in these grasslands; however, because these conclusions are mostly based from
a single experiment where a large number of exotic species (25 species) were
initially over-sown, extrapolation to other sites must be done with caution.
Finally, the research results presented in this thesis also show that land-use
intensification reduces plant response diversity and functional redundancy;
this has been suggested in theoretical studies as reducing ecosystem resilience
to future disturbances, although this remains to be demonstrated experimen-
tally.
Overall, the results from this thesis suggest that: (i) in the absence of
fertiliser inputs and irrigation, extensive sheep grazing appears to have little
impact on plant biodiversity in these grasslands, although increasing grazing
pressure can have negative impacts on litter decomposition, primary pro-
duction, and ultimately, soil carbon sequestration; (ii) intermediate levels
of fertilisation (without irrigation) increase production values and promote
soil carbon sequestration, but lead to marked losses in native biodiversity,
(iii) intensive land management (high fertilisation and irrigation) strongly
increases production potential, yet reduces soil carbon sequestration poten-
tial and leads to greater losses of native plant biodiversity; and (iv) land-use
intensification reduces plant response diversity and functional redundancy,
which may reduce ecosystem resilience to future disturbances. By using
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functional traits to understand how land-use changes lead to long-term shifts
in plant biodiversity, and associated feedbacks to ecosystem functioning and
ecosystem resilience, the work presented in this thesis highlights the potential
of trait-based approaches to understand and forecast the functional conse-
quences of shifts in biodiversity following global environmental changes.
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